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ABSTRACT 
In Australia, dentition (eruption of permanent incisors) is used as a 
proxy for age to define sheep meat quality. Lamb is defined as having no 
permanent incisors, hogget as having at least one incisor and mutton is 
defined as having two or more incisors. Classification of the carcase is 
done at the abattoir prior to the removal of an animal’s head. Recently, an 
Australian Senate inquiry into meat marketing reported that there was 
concern that substitution of hogget and mutton for lamb may be occurring 
in the industry. At present, no objective method is available that can be 
used for classifying sheep category. The general aims of this thesis were 
to i) evaluate whether chemical analysis of branched chain fatty acid 
(BCFA) content could be used as an objective tool to determine sheep 
age, ii) understand the effect that some production factors had on BCFA 
concentrations in Australian sheep and iii) develop new approaches 
(whether chemical and/or statistical) for determining sheep category 
(age). 
 BCFAs are implicated as the main contributors to “mutton flavour”, 
often associated with the cooked meat of older animals. BCFAs are 
reported to increase with age, which suggests that chemical analysis of 
these compounds could be used as an objective method. Concentrations 
of three BCFAs (4-methyloctanoic (MOA), 4-ethyloctanoic (EOA) and 4-
methylnonanoic (MNA) acids) were measured in a survey of fat samples 
taken from 533 sheep carcases at abattoirs in New South Wales, Victoria 
and Western Australia. This thesis shows that, on its own, chemical 
analysis of the BCFAs is not sufficient to discriminate lamb from hogget 
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and mutton as pre-slaughter nutrition is a significant factor in classifying 
sheep using this approach. Uncertainty at the BCFA concentration ranges 
found in Australian sheep was determined to be high making it difficult to 
discriminate between sheep carcases of different ages based on the BCFA 
level. 
Fast gas chromatography was evaluated as the basis for a high 
throughput chemical technique but was not sufficiently sensitive for BCFA 
measurements. Solid-phase microextraction (SPME) was also found to be 
suitable for sampling 3-methylindole and p-cresol, compounds responsible 
for diet-related “pastoral flavour” in sheep fat, but further work is needed 
to validate this approach for measurement of these compounds in sheep 
fat. 
Statistical classification algorithms, when applied to the 
chromatograms measured for the 533 carcasses, showed great promise 
for predicting sheep category. Specifically, the random forests algorithm, 
when applied to mean-centred data, gave 100% predictive accuracy when 
differentiating between lamb, hogget and mutton. This approach could be 
used for the development of an objective method for determining sheep 
age and category, suitable for use by the Australian sheep meat industry. 
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CHAPTER 1: GENERAL INTRODUCTION 
Australian consumers are of paramount importance to Australian lamb 
processors as meat product delivered to the domestic market is a stable income 
source for the industry. While product delivered to overseas markets is also of 
importance to the industry, external factors such as the price of the Australian 
dollar can influence the demand of export meat and may not always be a stable 
income source to producers compared to supply to the Australian domestic 
market. Thus, it is important that product is delivered to the domestic market 
that will be accepted by Australian consumers. During the 1990s, a downturn in 
sheep meat consumption in the Australian domestic market caused the industry 
to develop a strategy aimed at delivering lamb meat that was of consistent 
eating quality and also value for money. Part of this strategy was the 
development of the Sheep Industry Strategic Plan which placed high priority on 
investigating methods that produced lamb, hogget and mutton products that 
were of high eating quality to Australian consumers (Pethick et al. 2005). Some 
of the drivers for the Plan included competition from other protein and food 
sources (which will continue into the future), increasing consumer expectations 
on the delivery of consistent premium product, the opportunity to add value to 
hogget and mutton products and industry concern about mutton substitution for 
lamb (Pethick et al. 2005). 
In addition to tenderness, sheep meat flavour, overall liking and cooking 
odour are regarded as important components of sheep meat eating quality 
(Pleasants et al. 2005; Pethick et al. 2006). Two specific aromas have been 
associated with the cooked meat of the animal. The first aroma, known as 
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‘mutton flavour’, is related to the animal’s age while the second note, known as 
‘pastoral flavour’, is related to the animal’s diet. BCFAs are the class of 
compounds thought to be responsible for ‘mutton flavour’ (Wong et al., 1975; 
Brennand and Lindsay, 1992) while 3-methylindole (skatole) has been implicated 
as the source of ‘pastoral flavour’ (Young et al. 1997; Prescott et al. 2001). The 
presence of such flavour notes can potentially impact on consumer acceptance of 
meat product. 
The Co-operative Research Centre for Sheep Industry Innovation (Sheep 
CRC) is, at present, performing research aimed at understanding the relationship 
between animal genetics and a range of meat science phenotypes which include 
ultimate pH, intramuscular fat, long chain FAs as well as iron and zinc 
concentrations. One phenotype that is of interest (in relation to the work of this 
thesis) are the BCFAs which can be analysed using a specialised analytical 
method. The one drawback with this method is that it is not amenable to high 
throughput analysis. Given that 2400 lambs would be slaughtered and associated 
fat samples were to be analysed for the BCFA content, an alternative method 
was needed in order to cope with the number of samples within a reasonable 
time period. 
As noted above, there are also industry concerns on the issue of mutton 
substitution for lamb. In 2008, the Australian Senate Rural and Regional Affairs 
and Transport References Committee released an interim report that noted “that 
substitution, while not widespread throughout Australia, is a legitimate cause of 
concern to the industry.” The Committee also commented that “substitution or 
misdescription is difficult to prove”.  In the Australian industry, the present 
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practice for classification of sheep category is based on dentition (i.e. the number 
of teeth), assessed prior to slaughter. After slaughter, the head is removed which 
makes it difficult to prove whether misdescription has occurred once the meat 
product has entered the supply chain for the retail market. Obviously, the 
availability of an objective method for measuring sheep category of product, 
anywhere in the supply chain, would assist in the identification of any 
misclassified product. In addition, such a test could also prevent potential 
substitutions, particularly if compliance was required for the meat product. 
BCFAs have been reported to increase with chronological age, indicating that 
these compounds were likely candidates for use with chemical analysis. If such 
an approach could be validated then measurement of these compounds could be 
used as a proxy for age and also sheep category. 
In the past, research into the BCFA concentrations in sheep meat has 
been regarded as a flavour issue. Therefore, the following review will discuss 
sheep meat odour and flavour, and the compounds reported as responsible for 
the odour and flavour. Additionally, an overview will also be given on the 
sampling and measurement techniques which are available for the analysis and 
determination of these compounds. The subsequent experiments will investigate 
whether an objective approach (whether by chemical analysis or other) can be 
used for classifying sheep category. 
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CHAPTER 2: LITERATURE REVIEW 
2.1 Sheepmeat Odour And Flavour 
Flavour is an important component of the eating quality of meat, and can 
be regarded as a combination of taste, the sensation perceived by the taste 
buds, and odour, the sensation perceived by the olfactory organ (Maarse 1981). 
In its fresh uncooked state, meat has very little flavour and it is only as a result 
of cooking that the meat develops a flavour, often characteristic of the product. 
During cooking, a complex series of thermally induced reactions occur between 
the non-volatile components of lean and fat tissues that results in the generation 
of a large number of products (Mottram 1998). While some of these compounds 
contribute to the meat’ s taste, it is mostly the volatile compounds formed from 
cooking which are responsible for the aroma and which also typify the specific 
flavour associated with the meat. The major precursors of meat flavour are 
either lipids or water-soluble components which are subject to two sets of 
reactions during the cooking process; Maillard reactions between amino acids 
and reducing sugars, and thermal degradation of the lipid content. Mottram 
(1998) notes that the lipid-derived volatile compounds which are the ones 
primarily responsible for explaining the differences between the volatile profiles 
of the meat species, and thus also the ones which contribute to the species-
specific flavour. 
For sheep, two aromas have been associated with the cooked meat of the 
animal. The first aroma, known as ‘mutton’ flavour, is related to an animal’s age 
while the second, known as ‘pastoral’ flavour, is related to an animal’s diet. 
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Mutton flavour, regarded as the characteristic flavour associated with the cooked 
meat of older animals, becomes more pronounced as the meat is being cooked 
(Young and Braggins 1998). It is the presence of this particular note which has 
been cited as one of the reasons historically that sheepmeat consumption has 
been low in some markets (Sink and Caporaso 1977). The Chinese also have a 
special word, ‘soo’ (meaning sweaty or sour), which describes what is regarded 
by these consumers as a disagreeable aroma, and is often associated with 
cooking sheepmeat (Wong et al. 1975b). A range of FAs in cooked mutton fat 
have been reported to be responsible for this odour (Wong et al. 1975b). 
Principally, BCFAs were the compounds believed to be responsible for this odour 
and subsequent research has continued to elucidate the role of these compounds 
and their contribution to ‘mutton’ odour. The ‘pastoral’ flavour, which has been 
described as ‘grassy’ (Young and Braggins 1998), results from cooking the meat 
of pasture fed ruminants (Berry et al. 1980). There is little (if any) evidence to 
suggest that this note can be found with grain fed animals (Berry et al. 1980). 
Traditionally, Australian sheep have been pasture fed with little supplementary 
feeding, except in times of drought when cereal and legume grains are used to 
supplement depleted pastures (Ashes and Rich 1987). The use of pasture for 
feeding Australian sheep implies that the pastoral note may be present in the 
cooked meat of these animals. If this is the case then there is the chance that 
the meat from these animals may be less palatable to consumers accustomed to 
meat from grain fed sheep. Although, recent work has shown that Australian 
consumers were unable to distinguish between grilled meat taken from lambs 
finished on pasture or concentrated pelleted feeding systems (Pethick et al. 
2005).   
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The presence of an aroma or flavour in the meat product can impact on a 
consumer’s preference for the product which can have potential economic 
consequences on the supply chain which delivers the product. Thus, it is 
important to understand how these notes are formed within the meat product 
and also characterise the compounds that are responsible for these notes. It is 
the objective of this review to report on which compounds are likely to impact on 
the aroma of cooked sheep meat, how these compounds could be formed in 
meat and what methods are available to measure these compounds. 
2.1.1 BCFAs, 3-Methylindole And p-Cresol 
BCFAs have been implicated as the main compounds that contribute to 
the ‘mutton’ odour. A range of FAs have been found in cooked mutton fat and 
reported to be responsible for the odour (Wong et al. 1975a; Wong et al. 
1975b). The compounds include branched chain and unsaturated FAs containing 
8 to 10 carbon atoms. The nine carbon MOA and 10 carbon MNA were assigned 
as the main contributors to the odour associated with the cooked meat, resulting 
from lipid hydrolysis from the triacylglycerol component of the fat (Wong et al. 
1975b). BCFAs, as a class of compounds, have received most attention as 
workers have attempted to elucidate the role that these compounds have on 
sheepmeat odour. The distribution of various BCFAs in different sheep tissues 
has been studied and MOA levels were higher in subcutaneous fat compared to 
either deeper depot fat or intramuscular fat (Johnson et al. 1977). Additionally, 
feed type can also influence BCFA levels with the higher levels found in barley-
fed sheep compared to pasture fed animals (Johnson et al. 1977). The 
distribution of various BCFAs in the perinephric fat for different red meat species 
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has also been studied with MOA and 4-ethyloctanoic acid (EOA), another BCFA, 
making important contributions to the distinguishing aromas found for both ovine 
and caprine fats (Ha and Lindsay 1990). These workers also reported that 
phenols contribute to the 'sheepy-muttony' aromas in ovine fats (Ha and Lindsay 
1991). Synthetic mixtures containing various phenols and BCFAs were prepared 
by these authors that gave “a very pronounced mutton-like aroma” as well as “a 
distinct, sheepyard muttony aroma” implicating that these compounds as 
underpinning ovine meat aroma (Ha and Lindsay 1991). Examining the 
distribution of BCFAs in different lamb tissues reveals that higher amounts of 
these compounds were located in the subcutaneous tissue compared to either 
perinephric or muscle tissue (Brennand and Lindsay 1992). MOA and EOA were 
present in concentrations above their respective odour thresholds in all samples 
tested while MNA levels ranged from not detected to above the odour threshold, 
suggesting that this compound may not always contribute to the overall aroma.  
Stereoisomeric analyses of mutton fat have also been performed with the 
detection of (R)- and (S)- enantiomeric forms of MOA in the fat (Volker et al. 
1994). Differences in the sensory properties of the enantiomers for MOA, EOA 
and MNA have also been reported with the odour threshold associated with the 
(R)-form twice as high as that of the corresponding (S)-enantiomer. Analysis of 
the headspace aroma compounds from cooked meat from ram and wether has 
revealed that MOA and MNA were present in higher levels in the tissue from rams 
in contrast to wethers (Sutherland and Ames 1995). EOA, however, was not 
found in any of these samples. Sensory analyses were also performed and did 
not detect these compounds either. A later study related the sensory evaluation 
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of sheepmeat odour and flavour with chemical analyses using multivariate 
statistical analysis (Rousset-Akrim et al. 1997; Young et al. 1997). Sensory 
analyses revealed that aroma was more discriminating in the sensory 
assessment of sheepmeat and that the source of the sheepmeat odour/flavour 
was ovine fat (Rousset-Akrim et al. 1997; Young et al. 1997). BCFAs were found 
to be responsible for the specific sheepmeat odour and were present in higher 
levels for rams, suggesting a gender effect for these compounds. Phenols were 
also measured in the volatile profile for pasture fed sheep which, with 3-
methylindole (skatole), intensified the sheepmeat odour/flavour. The results 
indicated that 3-methylindole and cresols were influenced by pasture-fed diet, 
suggesting the presence of a 'pastoral' flavour associated with sheepmeat. The 
role of 3-methylindole and BCFAs in determining meat quality by consumers in 
the New Zealand and Japanese markets has also been evaluated (Prescott et al. 
2001). Model lean meat systems, containing known amounts of BCFAs and 3-
methylindole, were evaluated by consumers in each country and the presence of 
BCFAs was regarded as unacceptable by Japanese consumers. With New Zealand 
consumers, meat samples with low BCFA levels were deemed as acceptable while 
samples with higher levels were found to be unacceptable. 3-Methylindole, on 
the other hand, was not unacceptable to either set of consumers. 3-Methylindole 
was reported as a major contributor to 'pastoral' flavour found in sheepmeat in a 
later study (Young et al. 2003). These workers also reported that pronounced 
dietary effects were present for MOA and MNA levels. More recently, the 
relationship between meat quality and age has been studied using a number of 
parameters measured during the growth of pasture-fed sheep up to the age of 2 
years (Young et al. 2006). MOA and MNA levels were found to increase with the 
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animal’s age with gender effects also noted for these compounds. The levels of 
3-methylindole and a related compound, indole, tended to decrease with age. 
The key aroma compounds in raw and cooked sheep meat have been determined 
using aroma extract dilution analysis (Rota and Schieberle 2006). These workers 
found that EOA was one of a number of important odourants in both raw and 
cooked sheep meat and its concentration was largely unaffected by the cooking 
procedure. Of late, MOA and MNA levels have also been measured in Australian 
sheep of different breed, sex and age (Salvatore et al. 2007). MOA levels were 
higher than MNA with some evidence that breed had an effect on the BCFA 
concentrations. A strong relationship existed between the MOA and MNA 
concentrations at two different ages. 
2.1.2 Origins Of Flavour Compounds In Sheep Fat. 
2.1.2.1 BCFAs. 
The FAs in the lipids with animal fat can originate from the acids present 
in feed, those resulting from microbial metabolism in the gastro-intestinal tract, 
and in vivo biosynthesis in various tissues (Ha and Lindsay 1990). The 
production of MOA in sheep has been proposed by these authors to be a two step 
process (Figure 2.1-(a)) with the first step involving a condensation reaction 
between methylmalonyl-S-acyl carrier protein (ACP) and butyryl-S-ACP (Ha and 
Lindsay 1990). It is believed that diets rich in grain may be related to the 
production of BCFAs. Ruminants have been reported to able to metabolise 
propionate and its carboxylation product, methylmalonyl-coenzyme A, the 
precursor of methylmalonyl-S-ACP (Duncan and Garton 1978). The propionate 
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originates from the rumen by the fermentation of dietary carbohydrate. When 
the amount of propionate exceeds the liver’s capacity to metabolise through 
gluceogenesis, it is utilised to synthesise BCFAs in adipose tissue (Vasta and 
Priolo 2006). The resulting intermediate condensation product, 2-ethylhexoyl-S-
ACP, then undergoes a successive condensation reaction with acetyl-S-ACP to 
form MOA as a free FA. In an analogous way, EOA can be synthesised using a 
similar pathway with ethylmalonyl-S-ACP as the precursor (Figure 2.1-(b)). After 
synthesis, the BCFAs may remain present either in the free form, or they may 
then also be incorporated into the lipid component as triacylglycerols (TAGs). 
More likely it is the latter as the ‘mutton’ aroma becomes more obvious during 
cooking meaning that the BCFAs are released from TAG hydrolysis. 
(a) 
 
(b) 
 
Figure 2.1 Proposed biochemical synthetic pathway for the formation of 
(a) MOA and (b) EOA (from (Ha and Lindsay 1990)). 
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2.1.2.2 3-Methylindole 
As noted above, the presence of ‘pastoral flavour’ has been associated 
with the cooked meat from pasture-fed animals. Pasture plants are noted as 
having a high protein to readily fermentable carbohydrate ratio, and the protein 
is more readily digestible in the rumen compared to the protein available in grain 
and concentrate diets (Schreurs et al. 2008). Additionally, there is also 
substantial degradation of feed protein to amino acids in the rumen which allows 
a higher availability of peptides and amino acids to be present that cannot fully 
incorporated in the microbial protein as there is insufficient energy released from 
the carbohydrate metabolism (Ulyatt et al. 1975).  
3-Methylindole is formed in the rumen from the anoxic metabolism of L-
tryptophan (Deslandes et al. 2001; Mohammed et al. 2003). Rumen bacteria and 
protozoa transform tryptophan to produce 3-methylindole by a series of three 
steps (Figure 2.2) (Mohammed et al. 2003; Yokoyama and Carlson 1981). 
Initially, tryptophan is deaminated to form indolepyruvic acid which then 
undergoes two successive decarboxylation steps to produce 3-methylindole via 
the intermediate, indoleacetic acid (Deslandes et al. 2001; Mohammed et al. 
2003; Tavendale et al. 2005). Usually, 3-methylindole will be metabolised in the 
animal by the liver after the compound is absorbed into the blood supply from 
the rumen (Schreurs et al. 2008). Some of the compound though will escape 
liver metabolism and, after entering systemic blood circulation, will be deposited 
into the fat tissue (Schreurs et al. 2008). 
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Figure 2.2 Biochemical pathway for the formation of 3-methylindole 
(adapted from (Deslandes et al. 2001)) 
2.1.2.3 p-Cresol 
p-Cresol is produced by rumen bacteria from tyrosine (Ha and Lindsay 
1991; Martin 1982; Yokoyama and Carlson 1981), which is available in the 
rumen for the same reasons noted above for tryptophan. Tyrosine undergoes 
successive transamination and decarboxylation steps to form the intermediate, 
p-hydroxyphenyl acetic acid, which, after another decarboxylation step, forms p-
cresol (Figure 2.3). Recently, other workers have shown that p-cresol can also be 
produced from tryptophan (Mohammed et al. 2003). Given that p-cresol is 
formed in the rumen as 3-methylindole, it is quite likely that the compound 
appears in fat tissue by the same means as described above. 
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Figure 2.3 Biochemical pathway for the formation of p-cresol (from (Ha 
and Lindsay 1991)) 
2.1.3 Other Compounds 
Other compounds present in sheep meat have also been reported to 
impact upon the overall sheepmeat aroma. At the time that Wong and co-
workers published their work relating BCFAs to cooked mutton aroma, Sink and 
Caporaso (1977) suggested that lipid soluble carbonyl and/or sulphur containing 
compounds also contribute to the aroma as well. The volatile compounds from 
cooked ovine fat were collected and partitioned into acidic, neutral and basic 
portions, and then were characterised using GC-olfactometry (Caporaso et al. 
1977). The neutral extract contained the most volatile compounds (51) with 
some present in the acidic portion and little or none found in the basic portion. 
Fourteen compounds (10 aldehydes, 3 ketones and 1 lactone) from the neutral 
extract were suggested to be important contributors to the overall aroma of 
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cooked ovine fat. Other workers characterised the aroma profile from a non-
acidic extract of cooked mutton tissue (Nixon et al. 1979). Ninety-three 
compounds were identified in the extract and the odour profile of the non-acidic 
portion was informally judged as reminiscent of ovine origin. An acidic extract 
was also produced and its odour was also evaluated as “sheepy” but judged as 
being different to the aroma from the non-acidic portion. Three plant derived 
diterpenoid (phytene) isomers were also found in the extract in addition to other 
various sulphur compounds which are known as beef volatile compounds. 
Additional diterpenoid compounds (phytadiene, neophytadiene, phytol and 
phytane) have also been measured in ovine fat derived from pasture fed animals 
(Suzuki and Bailey 1985). These workers also noted the higher levels of 2, 3-
octanedione and 3-hydroxyoctan-2-one present in pasture fed animals. Again, 
sulphur compounds in addition to various heterocyclics have been reported as 
possible contributors to sheepmeat odour and flavour (Young et al. 1997). These 
authors found that, out of 244 volatile compounds, only 10 were strongly 
correlated with 'sheepmeat' aroma as determined by a trained sensory panel. 
These compounds included two hydrocarbons, 2-methylpyrazine, MOA, MNA, an 
unidentified BCFA, δ-decalactone, δ-dodecalactone, an unidentified lactone and 
tetradecanoic acid, and, of these, only the BCFAs were regarded as the primary 
contributors to the 'sheepmeat' aroma. Sutherland and Ames (1995) report that 
presence of 48 previously unidentified compounds in sheepmeat aroma and note 
that seven sulphur compounds were important aroma components. One 
particular compound, 4, 6-dimethyl-1, 3-oxathiane, was present in relatively high 
amounts in ram adipose tissue. Sensory evaluation also found that an 
objectionable odour, described as 'stale/wet animal', was associated with this 
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compound. Ultimate meat pH has been reported to influence the overall cooking 
odour of meat  where higher pH produces a significantly lower aroma in the 
cooked meat (Braggins 1996). Gas chromatography-olfactometry identified 54 
odorous compounds of which 10 were found to decrease with increasing pH. Six 
of the latter compounds were aldehydes implicating their involvement with 
cooked meat aroma. 
2.2 Analytical Techniques For The Measurement Of Odour And Flavour 
One of the major aims of aroma research is to identify the compounds 
that are involved in the aroma of a food product (Maarse 1981). Since the 
concentrations at which these compounds can be present in foodstuffs can be 
quite low, the analysis of such volatile and semi-volatile organic compounds can 
be a daunting task, and obtaining useful information from such measurements 
can be even more challenging (Marsili 1997). This has meant that specific 
methods and techniques have been developed for the study of the odorous 
components of food products (Maarse 1981). An overview of some common 
methods and techniques for sample preparation, and measurement, of aroma 
compounds is given below. 
2.2.1 Sample Isolation And Extraction 
2.2.1.1 FAs As Methyl Esters 
The BCFAs present in ovine fat contribute to the ‘mutton’ aroma found in 
cooked sheepmeat. The BCFAs may either present in the meat as in the free 
form or they could be bound as triacylglycerols which will present in the lipid 
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component of the meat. Triacylglycerols (TAGs) are molecules which consist of a 
glycerol backbone esterified with FA functional groups (Figure 2.4). 
 
Figure 2.4 Regiospecific representation of a triacylglycerol. 
GC is the usual technique used for measuring FA profiles of lipids with 
transesterification as the most common means for transforming lipids to FAMEs 
(Christie 1990). This procedure is essential to transform polar acids of low 
volatility into volatile, less polar esters which can be easily separated by capillary 
GC. If the FA moieties are present in the TAGs then base-catalysed 
transesterification is the means by which FAMEs are prepared. In this reaction 
(Figure 2.5), the FA moieties of the lipid, in the presence of an alkoxide ion, are 
in equilibrium with an intermediate which can either revert to its original form or 
form a new ester. However, due to the large excess of alcohol (from which the 
alkoxide ion was formed), the equilibrium is driven in favour of the formation of 
the new ester. 
 
Figure 2.5 Base-catalysed transesterification of an ester (adapted from 
(Christie 1990)) 
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Methyl esterification has been the most common derivatisation technique 
used for the measurement of BCFAs (Wong et al. 1975b; Young et al. 2003; 
Young et al. 2006). Butyl esterification has also been used due to the low 
volatility of the butyl esters, when compared to the methyl equivalents, as the 
former are less likely to be lost during analysis (Ha and Lindsay 1990). 
If, on the other hand, the FAs are present in the free form (where R’ = H) 
then the corresponding methyl esters can be formed by acid-catalysed 
transesterification where the esterification occurs by heating the acids in the 
presence of methanol with an acid catalyst (Figure 2.6). 
 
Figure 2.6 Acid-catalysed transesterification of an ester (adapted from 
(Christie 1990)) 
2.2.1.2 Distillation 
Steam distillation, followed by solvent extraction, has been one of the 
most common extraction techniques for aroma compounds. In this approach, the 
sample is dispersed in water as slurry and thus heated. This allows the volatile 
compounds to be distilled and then extracted from the aqueous phase using an 
organic solvent. Volatiles can also be extracted from a product by high vacuum 
distillation. Water vapour, present in the product, acts as an “entrapment” gas 
for the volatile molecules that are released. The primary advantage of this 
approach is that the volatile compounds are separated from the non- or less 
volatile components (Bemelmans 1981; Parliment 1997). 
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2.2.1.3 Simultaneous Distillation And Extraction (SDE) 
SDE is a one-step isolation-concentration process where a sample, 
suspended in an aqueous phase, is steam-distilled with the solvent vapours 
passing through the distillate (Chaintreau 2001) (Figure 2.7). The vapours are 
condensed on a cold finger, and the extraction occurs between both liquid films 
on the condensor surface where the steam-distillable compounds are transferred 
from the aqueous to the organic phase. The water and solvent are collected and 
decanted, and then returned to their respective flasks for continuous recycling. 
After extraction, the organic liquid can then be removed for GC analysis. 
 
Figure 2.7 Likens and Nickerson’s apparatus used for SDE using solvents 
denser than water (from (Chaintreau 2001)) 
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The advantages of the technique are (Parliment 1997) :- 
1. A single step is used to separate volatile compounds and also 
concentrate them 
2. A small volume of solvent is required, reducing the likelihood (and 
problem) of artefact formation as solvents are concentrated. 
3. Recoveries of compounds are generally high. 
4. The system can be operated under reduced pressure to minimise 
the risk of thermal decomposition. 
For the analysis of aroma compounds in sheep fat, SDE has principally 
been used for the extraction of indoles and phenols (Ha and Lindsay 1990; 1991; 
Lane and Fraser 1999; Young et al. 2003; Schreurs et al. 2007) and also the 
volatile compounds of lamb meat (Osorio et al. 2008). It is regarded though as 
laborious (Young and Braggins 1998), and also lengthy; e.g. 90 mins required to 
extract indoles and cresols from a sample prior to analysis (Ha and Lindsay 
1991; Young et al. 1994; Young et al. 2003; Schreurs et al. 2007; Osorio et al. 
2008) and 4 hrs for volatile compounds (Osorio et al. 2008). 
2.2.1.4 Headspace Sampling 
Headspace analysis is the most logical choice for the study of odorous 
volatile compounds that contribute to aroma since it reveals the identity and the 
concentration in the vapour phase of those compounds which are directly 
responsible for the aroma (Maarse 1981). The method is rapid and efficient, and 
the likelihood of artefact formation is small (Maarse 1981).  Headspace sampling 
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techniques can be divided into three broad areas; static headspace, dynamic 
headspace, and purge and trap. In each case, the fundamental principle is the 
same – volatile analytes from a liquid or sample are removed from the 
atmosphere surrounding the sample, leaving the actual sample behind (Wampler 
1997). In static headspace, the sample is generally heated and the volatiles are 
released into the headspace. The system is generally allowed to reach 
equilibrium, prior to the removal of a small headspace sample (usually 1 mL) for 
analysis by GC. Dynamic headspace, as the name suggests, involves moving the 
analytes away from the sample matrix in the headspace phase (Wampler 1997). 
Rather than allow the analytes to reach equilibrium with the surrounding 
headspace, an inert gas sweeps the compounds from the sample matrix allowing 
more of the analytes to be released from the sample matrix. This also means 
that a larger volume can be extracted from the sample beyond the limit of the 
original sampling volume. After sweeping the matrix, the volatiles are generally 
passed through a collection trap, containing an adsorbent, which allows the 
volatiles to be condensed or frozen, and so allow the inert gas to pass through 
while retaining the volatile compounds. Usually, the trap is then heated which 
either desorbs or volatilises the compounds for injection into a GC. In general, 
the term “purge and trap” is applied to the technique when used with liquid 
samples, while “dynamic headspace” is used when solid samples are analysed 
(Wampler 1997). Dynamic headspace has been used to measure the volatile 
profile of ovine fat (Sebastián et al. 2003; Priolo et al. 2004; Engel and Ratel 
2007; Vasta et al. 2007; Sivadier et al. 2009) while other workers have trapped 
the volatile compounds with Tenax® which is then desorbed and measured by a 
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GC-FID or GC-MS (Sutherland and Ames 1995; Braggins 1996; Young et al. 
1997; Elmore et al. 2000; Elmore et al. 2005). 
2.2.1.5 Solid-Phase Microextraction (SPME) 
SPME is a sampling technique based on sorption of analytes on or into a 
polymeric material that coats a fused silica fibre (Stashenko and Martinez 2004). 
The fibre is exposed to an aqueous or gaseous phase until equilibrium is 
established between the analyte in the sample and on the fibre. The analyte is 
then desorbed from the fibre in a hot GC injector where the volatile compounds 
are desorbed and thus subsequently analysed by GC. The technique is well into 
its second decade of existence with more than 3000 scientific articles published 
since its introduction (Stashenko and Martinez 2004). 
SPME has become the method of choice for aroma analysis since it offers 
solvent-free, rapid sampling with low-cost, ease of operation and sensitivity 
(Sides et al. 2000). The wide acceptance of the technique stems from the 
integration of several steps of the analytical process. Analyte losses can occur 
with conventional methods during extraction and concentration steps. With 
SPME, however, sampling, extraction, concentration, and sample introduction 
can be performed as a simple process (Stashenko and Martinez 2004). Greater 
sensitivity is also realised for volatile and semi-volatile aroma compounds by 
SPME in contrast to normal headspace measurements (Sides et al. 2000). 
Optimal performance of SPME requires careful optimisation of different 
experimental parameters. These parameters include fibre selection, extraction 
conditions and SPME fibre desorption (Prosen and Zupančič-Kralj 1999; 
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Stashenko and Martinez 2004). There is a limited range of commercially available 
fibre coatings, ranging from non-polar (e.g. polydimethylsiloxane (PDMS)) to 
polar (e.g. CarbowaxTM/divinylbenzene (DVB), polyacrylate) with a range of 
mixed polarities as well (e.g. PDMS/DVB, Carboxen®/PDMS, 
DVB/Carboxen®/PDMS). Selection of an appropriate fibre will depend on the 
polarity and volatility of the analytes of interest. For example, PDMS fibres are 
particularly useful for sampling non-polar compounds while, for small volatile 
molecules, Carboxen®/PDMS is the phase of choice. SPME is very sensitive to 
experimental conditions, and any change that influences the distribution of 
sample to fibre will affect the amount of sorbed analyte (Sides et al. 2000). 
Thus, it is critical that the appropriate extraction conditions are selected (and 
controlled) in order to obtain the required sensitivity but also reproducibility of 
the results. A number of factors can influence the extraction conditions (e.g. 
extraction time, sample temperature, sample pH and derivatisation (Prosen and 
Zupančič-Kralj 1999)) which can also be interrelated. Thus, method performance 
will then be dependent not only on the individual variables, but also their 
combined effects (Stashenko and Martinez 2004). A common oversight in SPME 
method development is optimising one parameter at a time while leaving the 
others constant. This approach will only estimate the main effects for the 
parameters and fail to detect any interactions which may exist between them  
(Otto 1999). Factorial experimental designs, where all parameters are varied 
simultaneously, can be used to identify the most influential parameters, their 
range of influence and the degree of interaction between them (Otto 1999). 
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When sampling with SPME, the fibre is inserted in the headspace above 
the sample and the analytes will then be distributed between three phases; the 
sample, the headspace and the fibre. It is the kinetics of the distribution of the 
analytes across these phases that determines the SPME sampling time. By 
increasing the sample temperature, analytes will be driven out of a sample and 
thus increase the amount of analyte which will present in the headspace. Both 
extraction temperature and time are interrelated so it is recommended that 
optimisation of these two parameters are done together and not be done by 
varying one variable at a time (Stashenko and Martinez 2004). When desorbing 
the SPME fibre in GC injector, the main effects are the injector temperature and 
desorption time (Prosen and Zupančič-Kralj 1999). 
Due to its simplicity and ease of use, SPME has been widely applied to 
the measurement of aroma profiles of, and monitoring lipid oxidation in, meat 
and related products. For pork, SPME has been used for volatile analysis of meat 
(raw and cooked) (Elmore et al. 2001; Estevez et al. 2003; Ramirez et al. 2004), 
ham (Snyder et al. 1998; Andres et al. 2002; Garcia-Esteban et al. 2004; Muriel 
et al. 2004; Sanchez-Pena et al. 2005; Chiesa et al. 2006; Luna et al. 2006; 
Flores et al. 2007), pork loins (Martín et al. 2003; Muriel et al. 2004) and 
sausages (Gianelli et al. 2002; Durá et al. 2004; Marco et al. 2004; Gianelli et al. 
2005; Pérez-Juan et al. 2006; Flores et al. 2007; Flores and Hernández 2007; 
Flores and Olivares 2008; Kamdem et al. 2007; Marco et al. 2007; Olivares et al. 
2009a; 2009b), and for the measurement of aldehydes to monitor lipid oxidation 
(Nielsen et al. 1997; Fernando et al. 2003; O'Sullivan et al. 2003; Estévez et al. 
2007;). SPME has also been applied to poultry ( Brunton et al. 2000; Brunton et 
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al. 2001; 2002; Beltran et al. 2003; 2004; Liu et al. 2007; Soncin et al. 2007), 
beef (Machiels and Istasse 2003; Moon and Li-Chan 2004; Giuffrida et al. 2005; 
Moon et al. 2006; Watanabe et al. 2008), goat meat (Madruga et al. 2009) and 
combined meat product (Kaban 2009) for aroma profiling and aldehyde 
measurement. A related technique, stir bar sorptive extraction (SBSE) (David 
and Sandra 2007), has been used to monitor the volatile profile of lamb ham 
(Paleari et al. 2006). As of yet, SPME has not been applied to measuring the 
volatile component of cooked sheep meat or heated ovine fat. 
2.2.2 GC For Measuring Aroma Compounds 
The term chromatography describes a process where components are 
separated, based on a distribution between a mobile and a stationary phase. 
Gas-liquid chromatography (GLC) is most commonly used form of GC in aroma 
research, and relies on the partitioning of an analyte between an inert gas (the 
mobile phase) and a liquid (the stationary phase) which is coated inside the 
length of capillary glass tubing (e.g. 30 m) (van Straten 1981). Determining the 
aroma profile of cooked sheepmeat utilises the same techniques used for other 
meat species. Separations using GC for the determination of aroma compounds 
are completed using flame ionisation detection (FID) and mass spectrometry 
(MS) (Young and Braggins 1998). Determination by FID requires confirmation 
with known standards while determination by MS can be achieved by comparison 
of mass spectra with those found in spectral libraries. 
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2.2.2.1 Gas Chromatography/Mass Spectrometry (GC-MS) 
The combination of GC with mass spectrometry has allowed the 
characterisation of aroma compounds to occur more quickly and easily. Prior to 
the deployment of GC-MS in aroma research, the identification of volatile 
components was a very difficult and time-consuming task (ten Noever de Brauw 
and van Ingen 1981). A considerable amount of effort was required even to 
identify two or three major components using classical analytical methods. 
However, with the availability of modern GC-MS instruments as desktop systems 
with sophisticated software packages, characterising a compound’s identity has 
now become routine. Such systems can simultaneously provide both quantitative 
and qualitative information on compounds, and so are extremely useful for the 
analysis of food aroma samples containing many compounds of interest (Huston 
1997). Given the volatile nature of aroma compounds, GC-MS has become the 
preferred technique for measurement of such compounds (Huston 1997). After 
injection, the volatile compounds are separated by GC and emerge into the ion 
source of the mass spectrometer. The organic molecules in the vapour state are 
bombarded by electron-impact ionisation (EI) to form positively charged ions, 
which fragment into smaller ions (Frankel 2005). The EI fragmentation patterns 
are usually unique for each compound and thus can be used for compound 
identification. Generally, this is done by searching commercially available mass 
spectral libraries and determining the best match between the unknown and the 
library spectra. Alternatively, the spectra can be manually interpreted but this 
requires expertise in mass spectral characterisation. 
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2.2.2.2 GC-Olfactometry 
GC-olfactometry (GC-O) is the term which describes the techniques 
which use human assessors to detect and evaluate volatile compounds that elute 
from a GC separation (Delahunty et al. 2006). The human assessors replace 
more conventional detectors, such as FID and MS, and sniff the GC effluent in 
order to identify any odour-active compounds that may be present using a 
‘sniffing port’; that is, a specifically designed port used for odour evaluation. As 
each separated compound exits from the GC, a human assessor has the potential 
to detect this compound (present or not), to measure the duration of activity 
(start to end), to describe the quality of the perceived odour and quantify the 
intensity of the odour (Delahunty et al. 2006). The nose has a theoretical 
detection limit of about 10-19 moles, making GC-O an extremely sensitive tool for 
the detection of odour-active compounds with very low odour thresholds; e.g. 2-
methoxy-3-hexyl pyrazine with an odour threshold of 1 part to 1012 parts of 
water (Mistry et al. 1997). Sometimes, compounds can be detected with GC-O 
that cannot be measured with GC-FID due to the lack of sensitivity of the 
detector. Only with extract enrichment (e.g. solvent concentration) can such 
compounds be identified using other chromatographic detectors. 
2.2.2.3 Fast GC 
GC has been applied to solve a large number of significant problems in a 
variety of scientific disciplines and industrial problems. Separation science, as a 
scientific discipline, has developed in parallel with the growth in technical 
development associated with GC. Capillary GC is the most efficient method for 
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the analysis of multi-component mixtures of volatile and semi-volatile 
compounds, particularly where the aim is to achieve the desired resolution of the 
compounds of interest in the shortest possible time (Matisová and Dömötörová 
2003). Since its introduction, there has been an ongoing interest in increasing 
the separation speed of GC since there are a number of associated advantages 
with faster GC measurement (Korytár et al. 2002). These advantages include 
higher throughput in an analytical laboratory which will allow significant cost 
savings per sample, lower GC operating costs, a shorter time of delivery of 
result, an ability to perform more replicate analyses compared to conventional 
GC, and the capability to have the results to where the answer is needed (e.g., in 
industrial applications) (Matisová and Dömötörová 2003). Until recently, it was 
the lack of suitable instrumentation that was the principal factor that prevented 
the development, and use, of faster GC. However, this situation has now 
changed with the availability of commercial instrumentation that can be used for, 
and dedicated to, fast GC in routine analysis (Matisová and Dömötörová 2003). 
As noted in section 2.2.1.1, base transesterification of lipids allows the 
conversion of the FA moieties present in triacylglycerols (TAGs) to FAMEs which 
are more amenable to GC analysis. FAME analysis by GC has been the main 
analytical technique used for the measurement of BCFA levels in ovine fat (Wong 
et al. 1975a; Wong et al. 1975b; Young et al. 2003; Young et al. 2006). It is also 
the most frequently performed procedure for characterising the FA profile of fats 
and oils in the food industry (de Koning et al. 2001) as well as determining the 
levels of FAs in human plasma (Bondia-Pons et al. 2004). In some 
circumstances, high sample numbers need to be processed which means that a 
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timely turnaround is needed from the point of sample delivery to the return of 
result to the end-user. Two areas in FAME analysis which have been examined to 
improve the speed of analysis are (i) sample (ester) preparation, and (ii) the gas 
chromatographic separation of the derived FAMEs (fast GC). For sample 
preparation, the use of a single stage preparative step (Butte 1983; Sandra and 
David 2002; Mondello et al. 2006; Bondia-Pons et al. 2007) and robotics (de 
Koning et al. 2001; Masood et al. 2005) have been used to prepare methyl 
esters for high throughput analysis. This approach is complemented by fast GC, 
which is generally achieved by using shorter column lengths and higher column 
head pressures to significantly reduce the time of separation. Fast GC has been 
used for the measurement of FAMEs in plasma (Bondia-Pons et al. 2004; Masood 
et al. 2005; Bondia-Pons et al. 2007), bacteria (Buyer 2003), food (Sandra and 
David 2002), lipids, fats and oils ( Mondello et al. 2000; Mondello et al. 2003; 
Mondello et al. 2004; Mondello et al. 2006). 
2.2.3 Electronic Nose (E-Nose) 
The detection of odour by olfaction (sense of smell) is the principal 
means by which humans are able to sense aroma and/or flavour, and often has 
been the only way that a flavour profile of a product can be obtained (Gardner 
and Bartlett 1994). The sense of smell arises from the stimulation of the human 
olfactory system by odourant molecules which are emitted from an object, such 
as brewed coffee or a flower, and then enter the nasal cavity and transport 
across the olfactory epithelium below the olfactory bulb to be detected by 
olfactory receptors (Figure 2.8) (Gardner and Bartlett 1994). Electrical signals 
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are subsequently generated which are sent to the brain where neural processing 
associates the detected odourant as either 'pleasurable' or 'unpleasurable'. 
 
Figure 2.8 Anatomy of the human olfactory system (from (Gardner and 
Bartlett 1994)) 
Due to the inherent sensitivity associated with the human sensory 
system, the nose remains, in many cases, the ‘primary’ instrument for the 
evaluation of food and beverages as has been since the beginning of humankind 
(Gardner and Bartlett 1994). This is a costly process however since trained 
panels of experts are required, which can only perform for short periods of time 
(Gardner and Bartlett 1994; Haugen and Kvaal 1998). Instrumental techniques 
are also available that can isolate, separate and identify the volatile components 
in often complex mixtures (such as GC-MS) but these are often quite lengthy and 
time-consuming (Maarse 1991). Consequently, considerable effort has been 
spent on the development of an electronic instrument based on chemical gas-
sensor technology that can mimic the human nose, and provide rapid sensory 
information (Haugen and Kvaal 1998). 
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The electronic nose (e-nose) has been defined an instrument “which 
comprises an array of electronic chemical sensors with partial specificity and an 
appropriate pattern-recognition system, capable of recognising simple or 
complex odours” (Gardner and Bartlett 1994). The instrument derived its name 
on the resemblance to the human nose (Haugen and Kvaal 1998), and consists 
of three basic building blocks (Figure 2.9). As with the human nose, aroma 
components enter the e-nose, generally as a vapour, and are detected by the 
array of gas sensors. The sensors respond to the aroma compounds according to 
their material properties, which can be due to physical or chemical adsorption or 
desorption, optical desorption or chemical reactions that occur at the sensor 
surface and/or in the bulk of the sensor material (Haugen and Kvaal 1998). The 
electrical signals resulting from the sensors are then processed for analysis by 
(usually) multivariate software, behaving in an analogous manner to the human 
olfactory system. Most commonly, the data analysis is performed with pattern-
recognition software (Gardner and Bartlett 1994). Initially, unsupervised learning 
techniques, such as principal component analysis (PCA), can be used for data 
exploration and thus identify any patterns which maybe already present in the 
data set prior to the use of supervised learning techniques, which is usually a 
two-stage process. The first stage involves the development of a training set 
which consists of a known odour (or odours) that can be utilised to relate the 
measured response from the e-nose to a set of classes held in a database. Then, 
a test set (an unknown) is measured and the response from the sensors is then 
compared to the database in order to predict class membership of the unknown. 
A wide range of pattern recognition techniques are available which can be used 
with an e-nose; e.g. PCA, partial least squares, discriminant analysis, fuzzy logic 
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or artificial neural networks (Gardner and Bartlett 1994; Haugen and Kvaal 
1998) with more sophisticated techniques available if required (Berrueta et al. 
2007). 
 
Figure 2.9 System block design of an electronic nose – (from (Hodgins 
1997)) 
Two groups of sensors have been successfully applied for food analysis: 
hot and cold sensors. Hot sensors are metal oxide semiconductors (MOSs) and 
metal oxide semi conducting field effect transistors (MOSFETs) which operate at 
elevated temperatures, between 200 to 500 °C and 100 to 200 °C, respectively 
(Haugen and Kvaal 1998). Cold sensors, on the other hand, operate at room 
temperature and consist of conducting organic polymers, oscillating sensors, 
optical sensors or electrochemical cells (Haugen and Kvaal 1998). Spectrometric 
techniques have also been used as alternatives to sensor-based instruments. 
Mass sensors rely on the use of mass spectrometry for measurement (Pavón et 
al. 2006) while the application of ion mobility spectrometry (IMS) has been a 
recent innovation (Utriainen et al. 2003). IMS relies on ionising organic 
molecules by a radioactive source with the resulting ions carried to a collector 
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under an applied electric field (Collins and Lee 2002). The ions are selected 
based on the times on which they travel through the region of the applied field. 
Electronic noses, using hot and cold sensors, have been examined for the 
detection of spoilage in beef (Blixt and Borhc 1999; Balasubramanian et al. 
1999; 2005; Panigrahi et al. 2006a; b), pork ( Winquist et al. 1993; Annor-
Frempong et al. 1998; Eklöv et al. 1998; Hansen et al. 2005;), poultry (Boothe 
and Arnold 2002; Haugen et al. 2006a; Rajamaki et al. 2006) and fish 
(Olafsdittir et al. 2005; Oliveira et al. 2005; Chantarachoti et al. 2006; Haugen 
et al. 2006b). Other applications have included differentiation of fresh and 
cooked meats ( Gonzín et al. 2000; Neely et al. 2001; Taurino et al. 2003; 
Santos et al. 2004; Descalzo et al. 2007) as well as the analysis of ‘warmed-
over’ flavour in pork (Grigioni et al. 2000) and poultry (Siegmund and 
Pfannhauser 1999). An e-nose based on IMS has been applied to pork and 
related products (O'Sullivan et al. 2003; Vestergaard et al. 2006; Vestergaard et 
al. 2007a; b). Electronic noses have also been applied to characterise sheepmeat 
flavour (von Büren 2002; Young et al. 2003) but with limited success. In one 
case, sample discrimination was detected but was found to be related with 
secondary oxidation products resulting from cooking, and not the aroma 
compounds responsible for sheepmeat aroma, present at low concentrations (von 
Büren 2002). In the other study, some discrimination was evident but the 
resolution of the data was poor (Young et al. 2003). 
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2.3 Triacylglycerols 
Triacylglycerols (TAGs) are the most abundant form of natural lipids in 
plants and animals (Fauconnot et al. 2004). The molecular structure of a TAG, 
including the distribution of FAs between the different stereoisomeric positions, 
has an affect on the TAG’s nutritional (fat digestion, absorption), biochemical 
(biosynthesis), and physical (crystal structure, melting point) properties 
(Mottram et al. 2001; Fauconnot et al. 2004; Mu and Porsgaard 2005). With the 
recent interest in functional food lipids (Neff et al. 2002; Stuchlík and Žák 2002; 
Gunstone 2003; Dugo et al. 2006a; Jiménez-Colmenero 2007) and detection of 
fat adulteration (Barron et al. 1990; Parcerisa et al. 2000; Marikkar et al. 2005; 
Destaillats et al. 2006; Dugo et al. 2006b), a range of techniques has been 
developed that can be used for the analysis of TAG regioisomers in complex 
mixtures. These techniques not only aim to identify what FA moieties are present 
in the TAG but also determine the configuration of the FAs originally present in 
the TAG. To date, such techniques have been used to characterise the TAG 
profile of ovine fat (Mottram et al. 2001; Neff et al. 2002.; Marikkar et al. 2005) 
and ovine milk fat (Barron et al. 1990; Ruiz-Sala et al. 1996; Fontecha et al. 
2005; Blasi et al. 2008;). As ovine fat has been identified as the source of 
‘mutton’ odour, it is likely that BCFAs are in the TAGs present in the lipid 
material and are released as result of hydrolysis during the cooking process. 
Thus, there exists the potential to use the TAG compositional techniques to 
characterise the BCFA content of the TAGs, and to also identify the related 
regiospecific environments. 
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2.3.1 Techniques For The Measurement Of TAG Composition 
Traditional methods for the measurement of triacylglycerol composition 
have relied upon the separation of complex lipids, either by gas or liquid 
chromatography, into individual components for further characterisation. More 
recently though, the availability of ‘soft ionisation’ techniques, such as 
electrospray ionisation (ESI) and matrix-assisted laser desorption and ionization 
(MALDI), has allowed significant progress for the development of techniques that 
use mass spectrometry directly on samples without the need for separation or 
derivatisation (Schiller et al. 1999; Pulfer and Murphy 2003; Schiller et al. 2004). 
An overview of these methods and their applications to TAG analysis is given 
below. 
2.3.1.1 Chromatography 
As noted above, chromatography is a separation process where 
components are distributed between a mobile and a stationary phase and, while 
high temperature GC has been used for the measurement of TAGs in ovine milk 
fat (Fontecha et al. 2005), most chromatographic analysis of TAGs has been 
performed using liquid chromatography (LC) where the analyte is distributed 
between a liquid (mobile phase) and a solid (stationary phase) (Schaefer 1981).  
Traditionally, high performance LC (HPLC) (Schiller et al. 2004), more specifically 
- reversed phase (RP) HPLC (Ruiz-Sala et al. 1996), has been used for lipid 
analysis. RP-HPLC employs a polar liquid mobile phase with a stationary phase 
that consists of chemically modified silica with non-polar functional groups, and 
has been the principal separation technique for TAG analysis. Detection and 
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measurement of the TAGs by RP-HPLC has either been done by fractionating the 
TAG mixture and characterisation of the fractionates using GC as FAMEs (Barron 
et al. 1990), or by using a light-scattering detector (Barron et al. 1990; Ruiz-
Sala et al. 1996; Holčapek et al. 2003). More recently, the use of a mass 
spectrometric detector has become more common since the technique is most 
suited to the characterisation of an analyte’s structure without the need for 
authentic reference standards (Holčapek et al. 2003). Other advantages include 
minimal sample preparation, shorter analysis times, and the ability to analyse 
individual TAG species in mixtures, which can be often difficult to do with other 
techniques (Fauconnot et al. 2004). Atmospheric pressure chemical ionisation 
mass spectrometry (APCI-MS) has been successfully interfaced to RP-HPLC to 
characterise individual TAGs of vegetable and plant oils (Parcerisa et al. 2000; 
Jakab et al. 2001; Holčapek et al. 2003; Jakab et al. 2003; Nagy 2005) and 
animal fats (Mottram et al. 2001; Neff et al. 2002; Fauconnot et al. 2004). The 
combination of APCI-MS with RP-HPLC has allowed the separation of complex 
TAG mixtures, the identification of partially or non-resolved peaks as well as use 
the capability of APCI ionisation to characterise the TAG regiospecificity (Mottram 
et al. 2001; Jakab et al. 2003). RP-HPLC/APCI-MS has been successfully used for 
regiospecific characterisation of TAGs in ovine fat (Mottram et al. 2001; Neff et 
al. 2002). A convenient nomenclature is often used to denote the regiospecificity 
of TAGs. Using the abbreviations given in Table 2.1, the classification also 
denotes the position of the FA in the TAG; eg, OOO represents triolein, SOS 
represents 1,3-distearyl-2-oleyl glycerol and POS represents 1(3)-palmitoyl-2-
oleoyl-3(1)-stearyl glycerol with no distinction made between the sn-1 and sn-3 
positions. For ovine fat, Mottram and co-workers (2001) found that the most 
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abundant TAGs (at >= 5.0%) were SOS (10.0%), SPS (8.1%), POS (8.0%), 
OSO (6.8%), PMyS (5.8%) and SSO, PMaS,  and PPS (all ca. 5.0%) (Mottram et 
al. 2001), while Neff and co-workers found that the most abundant TAGs were 
POS (17.4%), POO (13.6%), SOS (13.5%), OOS (8.7%), PSS (7.0%), and POP 
(6.5%) (Neff et al. 2002). 
Table 2.1 Trivial and systematic names for some common fatty acids 
Trivial Systematic name (acid) Abbreviation 
Myristic (My) Tetradecanoic C14:0 
Palmitic (P) Hexadecanoic acid C16:0 
Palmitoleic (Po) cis-9-Hexadecenoic C16:1 
Margaric (Ma) Heptadecanoic acid C17:0 
Stearic (S) Octadecanoic acid C18:0 
Oleic (O) cis-9-Octadecenoic C18:1 
Linoleic (L) cis,cis-9,12-Octadecadienoic C18:2 
2.3.1.2 Mass Spectrometry 
The availability of ‘soft ionisation’ techniques such as electrospray 
ionisation (ESI) and matrix-assisted laser desorption and ionization (MALDI) in 
mass spectrometry, and their application to protein characterisation, has driven 
the development of proteomics (Blackstock 2000). Recently, these techniques 
have been applied to lipids (particularly fats and oils) since MALDI, combined 
with time-of-flight mass spectrometry (TOF-MS), offer a number of advantages 
over other analytical methods. For MALDI-TOF-MS, sample preparation is quick 
and simple, requires no prior derivatisation step (as with GC), and both sample 
and matrix are readily soluble in organic solvents which meaning that the 
combined mixture is sufficiently homogenous to allow reproducibility with the MS 
measurement as well as resolved mass spectra (Schiller et al. 1999). A solid 
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sample is mixed with a suitable matrix which, after placing in the instrument, is 
struck by a laser beam and allows energy to be transferred to the matrix causing 
it to be vapourised, resulting in intact charged sample molecules to also be 
vapourised as well. The charged molecules enter the flight tube of the TOF-MS, 
and are propelled to the detector based on the mass-to-charge (m/z) ratio with 
the ‘lighter’ ions arriving at the detector prior to the ‘heavier’ ones (Schiller et al. 
2004). The simplicity of the MALDI preparative step is in direct contrast to those 
associated with chromatographic methods which can be tedious and time-
consuming (Schiller et al. 2004). One problem associated with the 
chromatographic techniques is the diversity of FAs present in TAGs, which can 
range from the saturated myristic acid (C14:0) to the unsaturated 
docosahexaenoic acid (C22:6) (Schiller et al. 2004). Each of these FA moieties 
have different chromatographic properties (e.g. polarity, UV absorptivity), which 
makes it problematic to develop a universal chromatographic technique which 
can capture all of the required lipid composition data in a single experiment 
(Schiller et al. 2004). MALDI-TOF-MS has been investigated as a tool to measure 
TAG composition of fats as this technique can differentiate between samples by 
molecular weight differences (Schiller et al. 2004). MALDI-TOF-MS has been 
applied to characterise the TAG profile of plant and vegetable oils (Asbury et al. 
1999; Ayorinde et al. 1999a; Lay et al. 2006), saponified plant oils (Ayorinde et 
al. 2000; Hlongwane et al. 2001), cod liver oil (Ayorinde et al. 1999b) and lard 
(Hlongwane 2001 et al.). In attempt to simplify sample preparation, plant oils 
were analysed using LDI-TOF-MS, that is, without the use of a matrix (Calvano 
2005). 
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2.4 Conclusion 
The presence of ‘mutton’ and ‘pastoral’ aroma notes in cooked 
sheepmeat has implications for consumer acceptance of this product. It is 
therefore critical that analytical methodologies are available that can measure 
the compounds responsible for these aromas. BCFAs are the main class of 
compounds that have been identified to be responsible for ‘mutton’ aroma. 
Suitable sample preparation and analytical methodologies are available which 
can be used for measuring BCFA levels in sheep meat. However, when there is a 
need for a large number of samples be analysed (such as for the Sheep CRC), 
existing analytical methods are not capable to meet this requirement. Thus, it is 
possible that preparative techniques which can be automated and combined with 
a rapid measurement technique such as fast GC, could be a successful 
alternative for measuring BCFA concentrations in sheepmeat. Given that BCFA 
concentrations are accepted to increase with animal age, it is reasonable to 
assume that chemical analysis could be used to objectively measure these 
compounds as a means to determine age. Of course, other production factors 
could also influence BCFA concentrations in sheepmeat as well. 
The presence of ‘pastoral’ aroma in sheepmeat arises due to 3-
methylindole (“skatole”), derived from rumenal degradation of tryptophan. 
Usually, SDE, combined with GC-MS, has been the technique of choice when 
measuring skatole in sheep meat. However, SDE is lengthy and has been 
regarded by some as laborious. SPME could be as a suitable alternative for 
preparing samples for measuring skatole. SPME is much simpler and involves 
less work in preparing samples for analysis when compared to SDE.  
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Finally, the emergence of sophisticated MS techniques, such as MALDI, 
shows promise in characterising the TAG component of sheep fat, and will assist 
in further elucidating the role that lipids contribute to the development of the 
aroma notes in sheep meat. It should also be noted that, while the focus of this 
review has been directed to sheep meat and related flavours, these same 
methodologies can also be applied to the measurement of compounds 
responsible for flavour notes in other meats as well. 
2.5 General Aims 
The general aims of this thesis were to i) evaluate if chemical analysis 
could be used as an objective tool to measure BCFA concentrations (as a proxy 
for animal age), ii) understand what effect that some production factors had on 
BCFA concentrations in Australian sheep and iii) develop new approaches 
(whether chemical and/or statistical) for determining sheep category (age). 
2.6 General Hypothesis 
The central hypothesis of this thesis is 
• Sheep category could be classified by objective techniques using 
o Chemical analysis of three BCFAs as a proxy for age, and/or 
o Statistical classification techniques 
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CHAPTER 3: ESTIMATING THE MEASUREMENT UNCERTAINTY FOR THE 
DETERMINATION OF THREE BCFAS IN SHEEP FAT USING SWEEP CO-
DISTILLATION AND GC-MS. 
3.1 Introduction 
The characteristic mutton odour, associated with the cooked meat of 
older sheep, can result in lower consumer acceptance of this meat product 
(Young et al. 2003). BCFAs, particularly MOA, EOA and MNA, have been 
implicated as the main compounds responsible for this aroma in cooked ovine 
meat (Brennand and Lindsay 1992; Rousset-Akrim et al. 1997; Young et al. 
1997). The measurement of the BCFA content in ovine fat is usually performed 
with GC after methyl esterification to derivatise the FAs to a form suitable for 
analysis using this technique (Wong et al. 1975; Young et al. 2006; Young et al. 
2003). 
More recently, sweep co-distillation has been used for releasing BCFAs 
from ovine fat for subsequent measurement by GC-MS (Salvatore et al. 2007). 
Molten fat is distributed over silanised glass beads contained in a heated glass 
tube and, under a stream of an inert gas such as nitrogen, a lower vapour 
pressure is generated (Tekel' and Hatrík 1996) which allows the released 
compounds to be purged and swept away from the fat. The compounds are then 
collected on a trap such as Tenax®. The FAs, and other purged compounds, can 
be eluted from the trap and derivatised (in this case, as trimethylsilyl esters) for 
subsequent measurement by GC-MS. Originally developed for pesticide residue 
extraction and purification in meat and dairy products, sweep co-distillation was 
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chosen as a preparative step for measuring BCFAs because it closely replicated 
the cooking process of meat. Additionally, it can also be easily performed using a 
commercial modular apparatus (Unitrex®) available from SGE (Figure 3.1). 
 
Figure 3.1 Unitrex® apparatus used for sweep-codistillation (from 
www.sge.com) 
This method was also used for a survey of the BCFA content in sheep fat 
taken from animals sourced at Australian abattoirs. The results of the survey are 
discussed in the next Chapter but one of the aims of this work was to ascertain 
whether the BCFA content could be used as a proxy for sheep age and thus 
sheep category. If this proved to be the case then the technique would have 
potential to be used as an objective measuring tool for determining sheep 
category possibly for regulatory purposes.  
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A measurement can have both associated bias and uncertainty, where 
the bias represents the difference between the ‘real’ and ‘measured’ result and 
the uncertainty is related to the random contribution of the measurement 
process. Thus, it is important to assess the reliability of an analytical 
measurement, particularly if decisions such as assignment of sheep category 
may be made based on the measured result. It is feasible that such results could 
be used for identifying meat substitution and thus for litigation purposes. In such 
cases, it is important to have an indication of the quality of the result. This can 
be done by determining the measurement uncertainty (MU) associated with a 
result, which can be found by evaluating the separate components which 
contribute to the variations in the final result.  
The Guide to the Expression of Uncertainty in Measurement (GUM, Joint 
Committee for Guides on Metrology 2008) presents the concepts necessary for 
evaluating the uncertainties. The process principally consists of four steps 
(Ellison et al. 2000). These are: 
1. specification of the measurand, 
2. identification of the uncertainty sources, 
3. quantification of the uncertainty components and  
4. calculating the combined uncertainty.  
The Eurachem Guide (EURACHEM/CITAC 2000) describes two different 
procedures for estimating MU; the ‘Generalised Uncertainty Measurement’ (GUM) 
model and an approach using method validation and quality control data. These 
two approaches also have colloquial descriptions and are known respectively as 
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‘bottom up’ and ‘top down’. The former approach is based on modelling the 
analytical process and determining each uncertainty contribution, which are 
assigned as different quantities and individually evaluated prior to combination 
as the sum of variances to give an estimate of the overall uncertainty. When  the 
uncertainty components are independent of each other (i.e. when the 
components do not share common terms), a set of simple rules is available 
which can be used to estimate the overall uncertainty of the combined 
components. For this Chapter, the relevant rules relate to the addition of 
components and the use of a quotient. In the first case where the contributions 
for each uncertainty component are added (i.e. a = b + c) then the uncertainty, 
ua, can be found using 2au  = 
2
c
2
b uu +  which, with rearrangement, gives ua = 
2
c
2
b uu + . When using a quotient (i.e. a = cb ) then the uncertainty, ua, can be 
found using 
2
⎟⎠
⎞⎜⎝
⎛
a
ua = 
22
⎟⎠
⎞⎜⎝
⎛+⎟⎠
⎞⎜⎝
⎛
c
u
b
u cb  which, with rearrangement, becomes ua = 
a.
22
⎟⎠
⎞⎜⎝
⎛+⎟⎠
⎞⎜⎝
⎛
c
u
b
u cb . The variances are also assumed to be from a normal (or 
Gaussian) distribution. In some instances, no confidence level may be available 
for the uncertainty or no information is available on the shape of the distribution 
and so alternative distributions need to be employed. For these cases, a 
rectangular distribution can be used and the uncertainty can be standardised 
using
3
a . Alternatively, if further knowledge on the distribution is available or it 
is symmetric then a triangular distribution can be assumed and the uncertainty 
can be standardised using
6
a  (Meyer 2007). 
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The ‘top down’ approach uses estimations of the overall precision of the 
method and the method’s bias to give an estimate of the overall uncertainty. 
Usually, this data can be derived from inter-laboratory tests, intra-laboratory 
quality control data or intra-laboratory method validation (Roberts 2007). It is 
also important to identify whether the measurement bias for a result is 
significant and ensure that this bias, if present, is accounted for when estimating 
the measurement uncertainty (O'Donnell and Hibbert 2005).  
In practice, most MU estimations are achieved by a suitable overall 
combination of data that has been produced from both approaches. Using the 
four steps listed above, the measurement uncertainty for measuring the MOA, 
EOA and MNA content in sheep fat by sweep co-distillation and GC-MS was 
estimated using both ‘bottom up’ and ‘top down’ approaches. For pedagogical 
reasons, this allowed a comparison to be made between each approach for this 
thesis. In addition, in the event that regulatory implementation is considered, 
this present analysis will also provide an uncertainty for the measurement of 
BCFAs in sheep fat. 
3.2 Materials And Methods. 
3.2.1 Reagents 
Solvents used were of pesticide grade quality. MOA (97%+, W357502), 
MNA (97%+, W357405),   EOA (98%+, W380008) and undecanoic acids (98%+) 
were purchased from Sigma-Aldrich (Castle Hill). Nitrogen and helium were ultra-
high purity grade (Coregas, Altona). All other reagents were of analytical reagent 
grade. 
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3.2.2 Preparation Of Calibration Standards 
3.2.2.1 Preparation Of Stock Solution 
(Nominal Concentration ~ 640 μg mL-1) 
Dilute 0.032 g (accurately weighed) of BCFA to 50 mL with hexane. 
3.2.2.2 Preparation Of Intermediate Solution 
Dilute 1 mL of stock solution to 50 mL with hexane. 
3.2.2.3 Preparation Of Working Standard Solution 
Dilute 4 mL intermediate solution to 50 mL with hexane 
3.2.2.4 Preparation Of Working Calibration Standards 
The working calibration standard solutions were prepared according to 
Table 3.1. 
Table 3.1 Preparation of working standard solutions for BCFA analysis by 
GC-MS. 
Working 
concentration 
(µg mL-1)A 0.02 0.05 0.50 1.00 
Vol. working standard (µL) 20 50 500 1000 
Volume hexane (µL) 980 950 500 0 
AEffective concentration in sheep fat = mg kg-1 
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3.2.3 Preparation Of Internal Standard Solution 
3.2.3.1 Preparation Of Stock Solution 
(Nominal Concentration ~ 640 μg mL-1) 
Dilute 0.032 g (accurately weighed) of undecanoic acid to 50 mL with 
hexane. 
3.2.3.2 Preparation Of Working Internal Standard Solution 
Dilute 4 mL stock solution to 50 mL with hexane. 
3.2.4 Sample Extraction 
Adipose tissue was taken from a sheep carcase and stored at -20 °C until 
required for analysis. The samples were used as received and wholly melted to 
minimise the risk of inhomogeneity. The samples were heated in a microwave 
oven to produce molten fat. A sample of the liquid fat (1 g) was injected into a 
Unitrex sweep co-distillation unit (SGE, Ringwood) and heated at 200 °C for 1 hr 
under a flow (200 mL min-1) of nitrogen. Each batch of ten samples included one 
spiked recovery fat sample containing the internal standard, undecanoic acid. 
The released compounds were purged through the Unitrex unit and collected 
onto a trap. The trap, consisting of Tenax®, a glass wool plug and sodium 
sulphate, was then eluted with 5 mL diethyl ether:hexane (20:80). The organic 
phase was concentrated to 1 mL and, after the addition of the internal standard 
(1.00 µg mL-1), the sample was treated with bisilyltrifluoroacetamide at 60 °C for 
30 min and the BCFAs were derivatised as the trimethylsilyl (TMS) ester of the 
acids. 
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3.2.5 GC-MS Analysis 
The FA-TMS esters were separated by injection (1 µL) onto a DB5-MS 
fused silica capillary column (J&W, 30m x 0.25 mm i.d. x 2.5 μm film thickness) 
in a Varian 3400 gas chromatograph and detected by a Saturn 2000 ion trap 
mass spectrometer operating in full scan mode. The septumless programmable 
injector (SPI) was programmed starting at 45 oC and increased to 325 oC at a 
rate of 180 oC min-1. The GC oven was held at 75 °C for 2 min then increased to 
300 °C at a rate of 10 °C min-1 and held at this temperature for 8 min. Helium 
was used as the carrier gas at a constant pressure of 105 kPa. The mass 
spectrometer transfer line was 280 °C. Mass spectra were acquired using an ion 
source temperature of 220 °C and an electron multiplier voltage of 2400 V. The 
mass spectrometer was calibrated using perflourotributylamine (FC43, Varian, 
Inc., Springvale).  
Quantitation of the BCFAs was performed using the Varian Saturn 
Workstation 2000 software. For calibration, the standards were in the range of 
0.02 to 1.00 µg mL-1 (or mg kg-1 effective concentration in sheep fat) and the 
standard solutions were derivatised using (N,O)-bisilyltrifluoroacetamide at 60 °C 
for 30 min. The following ions were used for quantitation; MOA-TMS ester, m/z = 
215.0, EOA-TMS ester, m/z = 229.0, MNA-TMS ester, m/z = 229.0 and the 
internal standard, C11 FA-TMS ester, m/z = 243.0, respectively.  The 
concentrations were determined using external quantitation. Calculation of the 
concentration for a given BCFA was made using a generalised quantitation 
expression, given by: 
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[BCFA] (mg kg-1)  = k.
.%Rec.mass
.100.
splISsample
fBCFAsample
A
VA
 (3.1) 
where k is the slope of a linear calibration curve with intercept set to 
zero, ABCFAsample is the peak area of the BCFA in the sample, AISsample is the peak 
area of the internal standard in the sample, Vf is the final volume, massspl is the 
sample mass and % Rec is the recovery factor of a representative concentration 
of undecanoic acid in a spiked fat sample. The calibration curve was formed by 
plotting the ratio of BCFA standard peak area to peak area of the internal 
standard (ABCFA standard/AIS standard) against BCFA standard concentration where ABCFA 
standard and AIS standard are the peak areas of the BCFA standard and internal 
standard, respectively. The recovery term was not used in the study (described 
in the next Chapter) but has been included here for completeness. 
Molten fat was used for the analysis and injected into the Unitrex 
apparatus. Thus, rather than determine the uncertainty for the sample, massspl, 
it was regarded more appropriate to determine the uncertainty for the sample, 
Vspl. The sample mass and volume were, of course, related by the fat density, 
which was assumed to be 0.88 g mL-1 for all samples. 
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3.3 Results And Discussion 
3.3.1 Estimating Measurement Uncertainty Using A Bottom-Up 
Approach 
3.3.1.1 Flow Diagram 
For the correct estimation of the measurement uncertainty, particularly 
with the bottom-up approach, it is important that an analyst understands the 
analytical test procedure (Meyer 2007). Further expansion of the detail given in 
section 3.2 is often needed to identify every component which can possibly 
contribute to the measurement uncertainty. This can be done by producing a 
flow diagram of the analytical process (Figure 3.2) and further specification of 
the method (outlined in sections 3.2.4 and 3.2.5 and shown above) to assist in 
the identification of each uncertainty contribution.  
Analysis Procedure 
1. Ovine fat portions are finely chopped and made molten by heating 
in a microwave oven. 
2. Take 1.14 mL (1 g) of molten fat and transfer to Unitrex apparatus 
and heat at 200 °C for 1 hr under a flow (200 mL min-1) of 
nitrogen. 
3. The compounds are collected in a trap filled with sodium sulphate 
and ~1 g of Tenax® which is eluted from the trap using 5 mL 
diethyl ether:hexane (20:80). 
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4. The organic phase is reduced to < 1 mL under N2. 
5. The internal standard (20 μl) is added to each sample, except the 
recovery, and the volume made to 1 mL. 
6. Bistrisylfluoroacetamide (45 μL) is added to each sample and 
heated at 60 °C for 30 min, prior to measurement by GC-MS. 
 
Figure 3.2 Flowchart for the analysis of BCFAs in sheep fat  
3.3.2 Specifying The Measurand 
Equation 3.1 shows how the BCFA concentrations in the sheep fat were 
calculated. This expression though does not incorporate other factors which could 
contribute to the uncertainty such as sample inhomogeneity, fat density or bias. 
In general, factors such as these need to be included into generalised 
quantitation expressions to allow for a comprehensive estimation of the 
uncertainty associated with a calculated result. Replacing Vf for massspl and 
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including factors for recovery, fat density and sample inhomogeneity allows 
Equation 3.1 to become: 
CX = k.
DensityRecoverysplISsample
ityInhomogenefBCFAsample
...
..
ff
f
VA
VA
.CIS  (mg kg-1) (3.2) 
where CX = mass fraction of BCFA in a test sample of sheep fat 
k = the slope of the calibration curve 
ABCFAsample = measured GC-MS response of BCFA in test sample 
AISsample = measured GC-MS response of IS in sample 
Vf = volume of final solution 
fInhomogeneity = influence of sample inhomogeneity 
Vspl = volume of injected fat (into Unitrex) 
fRecovery = recovery factor = % Rec / 100 
fDensity = influence of variation in sheep fat density  
CIS = concentration of internal standard. 
The contribution of the internal standard concentration to the overall 
uncertainty also needs also be recogised in the specification process and thus has 
been incorporated in Equation 3.2. 
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3.3.3 Identifying And Analysing The Uncertainty Causes 
From Equation 3.2, an initial ‘cause-and-effect’ diagram (also known as 
an Ishikawa diagram) was developed to identify the uncertainty sources in the 
analytical process (Figure 3.3). In the first instance, the branches relating to the 
measured GC-MS response (ABCFAsample and AIssample) were combined into one 
branch, GC response, to avoid duplication of uncertainty components. 
Additionally, the uncertainty of the GC response was substituted with the 
uncertainty found with the calibration slope (k) as it was reasoned that the 
response uncertainty would be incorporated in the slope uncertainty which was 
introduced into the diagram. The figure shows that every term in Equation 3.2 is 
represented in the Ishikawa diagram, and each branch is regarded as a primary 
branch.  
Next, each of the secondary components which make contributions to 
each primary branch were then identified and added to the respective branch. 
Trueness and precision were identified as secondary components for the initial 
and final volume while the injection volume and the linearity of the response 
curve were identified as secondary components for the GC response. The 
injection volume was also identified as a secondary component for the GC-MS 
calibration in addition to the contributions from preparing the liquid calibration 
standards. For the internal standard, the secondary contributions arose from the 
preparation of the stock solution, the uncertainties associated with the 
volumetric flask and the effect of temperature on the solvent. Some 
rationalisation and re-arrangement was possible as there were common 
components between the main branches of the diagram.  
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Notably, these were (i) the injection volume for the GC response and the 
GC-MS calibration and (ii) combining the preparation of the GC calibration 
standards with the preparation of the internal standard to form a new main 
branch, “Preparation of liquid standards” (Figure 3.4). The inclusion of an 
internal standard and the use of relative response ratios will, of course, correct 
for the effects mentioned in (i) but have been included for the sake of 
completeness of this analysis. For the calibration standards, the uncertainty 
contributions were from the volumetric flasks, weighing the mass of the 
standards and the dilution steps needed to prepare the working standard 
solutions. It was recognised these same components were also present for the 
internal standard and so this branch was removed from the diagram to remove 
the risk of ‘double counting’ these components.  
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Figure 3.3 Initial cause-and-effect diagram for identifying measurement uncertainty sources. 
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Figure 3.4 Final cause-and-effect diagram for identifying measurement uncertainty sources for bottom-up 
approach 
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Further contributions to secondary branches (now tertiary 
branches) were again identified and these were also added to the ‘cause-
and-effect’ diagram (Figure 3.4). Further rationalisation was also possible 
with the diagram with replacing the branch relating to the contribution of 
the GC-MS calibration curve (k) by the uncertainty associated in 
determining the concentration. Thus, Figure 3.4 shows that there are six 
primary branches which were identified as the uncertainty sources for 
measuring the BCFA content in sheep fat. The uncertainty sources were 
the sample and final volumes (Vmass and Vf), the determination of 
concentration from the calibration curve, preparation of the working 
calibration standard solutions, the recovery of each BCFA from the fat to 
the final elution step, the fat density and the sample inhomogeneity. 
3.3.4 Quantifying The Measurement Uncertainty Using A Bottom-
Up Approach 
The Ishikawa diagram, shown in Figure 3.4, formed the basis for 
the bottom-up approach in identifying the appropriate components and 
calculating the corresponding variance and inaccuracy for each identified 
uncertainty component. The identification of the components and the 
associated computations are described below. 
3.3.4.1 Sample Inhomogeneity And Fat Density 
The sample inhomogeneity was regarded to make a negligible, if 
any, contribution and so was excluded from estimating the overall 
uncertainty. The rationale for this was based on the fact the whole sample 
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was used and made molten in the initial preparative step which would 
generate a homogenous fat sample. There will be, of course, other 
sources of bias and uncertainty with sample procurement but these are 
beyond the scope of this work which is examining the uncertainty of the 
measurement process.  Since the sample was kept heated and so 
remained molten prior to sampling and injection into the Unitrex 
apparatus, it was reasoned that the injected aliquot would be 
representative of the fat sample. It was also assumed that the 
contribution of the fat density on the uncertainty would be negligible as 
well, and constant for each sample (0.88 g mL-1). This assumption was 
important since the volume injected onto the Unitrex apparatus was used 
as a proxy for mass. 
3.3.4.2 Working Calibration Standard Solutions, Uc 
The uncertainty associated with preparation of the calibration 
solutions was determined with different components; the uncertainty of 
the stock solution preparation, subsequent dilutions and preparation of the 
working standard solutions. These are calculated for MOA and similarly 
apply for EOA and MNA. 
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Stock Solution 
The concentration of the stock standard solution was calculated 
using  
Cstock = .P
V
m
stock
 where m is the mass of the BCFA (mg), Vstock is 
the dilution volume (mL) and P is the purity in parts per unity. The 
expression for the uncertainty for preparing the stock solution is given by  
uCs = Cstock .
222
⎟⎠
⎞⎜⎝
⎛+⎟⎟⎠
⎞
⎜⎜⎝
⎛+⎟⎠
⎞⎜⎝
⎛
P
u
V
u
m
u P
stock
Vm , using the quotient rule for 
calculating uncertainty. 
Mass 
The uncertainty for the mass, um, consisted of two components, 
the balance accuracy, ucert = 0.00032 g , and the precision of reading, 
uread = 0.001 g. These uncertainties were combined using um = 
2
read
2
cert uu + = 0.00105, using the addition rule for calculating uncertainty. 
Purity 
The purity of MOA standard was quoted as 97% min; that is, 98.5 
± 1.5%. Thus, the uncertainty for the purity, uP, = 
3
0.015
 = 0.00866, 
assuming a rectangular distribution since no information was provided on 
the distribution of the purity range. 
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Stock Volume 
The uncertainty for the stock volume, uV, has three components; 
calibration, uVcal, repeatability, uVrepeat, and temperature, uVtemp, and can be 
calculated using uV = 2
Vtemp
2
Vrepeat
2
Vcal uuu ++ , using the addition rule for 
calculating uncertainty. The tolerance of the flask at 20 °C was given, 
from the calibration certificate, as 50 ± 0.05 mL which means that uVcal = 
6
0.05
 = 0.0204, using a triangular distribution since the flask had been 
calibrated. For repeatability, it was assumed that an RSD of 0.1% was 
associated for the flask which meant that uVrepeat = 0.1/100 x 50 = 0.05. 
Hexane was used as the solvent to prepare the stock solution and, given 
that the volume for this solvent is temperature dependent and that the 
laboratory temperature could range from 16 to 24 °C, this uncertainty 
needs also to be taken into account. For hexane, the expansion coefficient 
is 13 X 10-4 mL °C-1 and so the expected volume expansion would be ± V 
x T x expansion coefficient = 50 x 4 x 13 x 10-4 = 0.26. Since no 
information was available on the distribution of this uncertainty, a 
rectangular distribution was assumed, giving uVtemp = 
3
0.26
= 0.150. These 
individual terms were then combined to give, uV 
= 20.15020.0520.0204 ++  = 0.159.  
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Uncertainty For Stock Solution 
The uncertainty for preparing the stock solution is given by  
uCs  = Cstock .
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Now Cstock  = .P
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  = 
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32
 x 0.97 
  = 0.6208 mg mL-1 
While, 
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⎟⎠
⎞⎜⎝
⎛+⎟⎟⎠
⎞
⎜⎜⎝
⎛+⎟⎠
⎞⎜⎝
⎛
P
u
V
u
m
u P
dil
Vm  = 
2
⎟⎠
⎞⎜⎝
⎛+⎟⎠
⎞⎜⎝
⎛+⎟⎠
⎞⎜⎝
⎛
1.00
0.00867
50
0.159
0.032
0.00105 22
 
= 0.0341. 
Combining these together yields 
 uCs  = 0.6208 x 0.0341 mg mL-1. 
= 0.0212 mg mL-1 
= 21.2 µg mL-1. 
Intermediate Solution 
The concentration for the intermediate solution, Ci, was calculated 
using Ci =
50
1
.Cstock, and the uncertainty for the intermediate solution can 
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given by uCi = Ci.
2
dil
V
2
stock
Cs
2
pip1
Vpip1
⎟⎟⎠
⎞
⎜⎜⎝
⎛+⎟⎟⎠
⎞
⎜⎜⎝
⎛+⎟⎟
⎟
⎠
⎞
⎜⎜
⎜
⎝
⎛
V
u
C
u
V
u
 where Vpip1 was the volume 
(1 mL) used to prepare the intermediate solution. 
Pipettor 
For the pipettor, there were three uncertainty components; 
repeatability (uPrepeat), the certified specification (uPcert) and one relating to 
temperature (uPtemp) as hexane was the solvent. For temperature, the 
expected volume expansion (using the reasons noted above) would be 1 x 
4 x 13 x 10-4 = 0.052. Thus, uPtemp = 
3
0.052
= 0.003.  
The repeatability for the pipettor was reported as 0.14% and the 
related specification was 2.0% which means that uVpip1 = 
2
Vtemp
2
Vcert
2
Vrepeat uuu ++  = 2
2
2 0.003
6
0.02
0.0014 +⎟⎟⎠
⎞
⎜⎜⎝
⎛+ = 0.0088.  
Now, Ci =
50
1
.Cstock = 
50
1
 x 620.8 = 12.416 µg mL-1, 
And  
2
dil
V
2
stock
Cs
2
pip1
Vpip1
⎟⎟⎠
⎞
⎜⎜⎝
⎛+⎟⎟⎠
⎞
⎜⎜⎝
⎛+⎟⎟
⎟
⎠
⎞
⎜⎜
⎜
⎝
⎛
V
u
C
u
V
u
 = 
222
50
0.160
620.8
21.2
1.00
0.0088 ⎟⎠
⎞⎜⎝
⎛+⎟⎠
⎞⎜⎝
⎛+⎟⎠
⎞⎜⎝
⎛  
= 0.035. 
The volume used for this dilution step is the same used for 
preparing the stock solution and, as such, the uncertainty will remain the 
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same as reported above, and will also incorporate the temperature 
component as well. 
Thus, uCi  = Ci.
2
dil
V
2
stock
Cs
2
pip1
Vpip1
⎟⎟⎠
⎞
⎜⎜⎝
⎛+⎟⎟⎠
⎞
⎜⎜⎝
⎛+⎟⎟
⎟
⎠
⎞
⎜⎜
⎜
⎝
⎛
V
u
C
u
V
u
 
  = 12.416 x 0.035 
  ~ 0.44 µg mL-1. 
Working Standard Solution 
The concentration for the working standard solution, Cw, was 
calculated using Cw = 
50
4
.Ci and the expression for the uncertainty of the 
working standard solution can be given by uCw = 
Cw.
2
dil
V
2
i
Ci
2
pip2
Vpip2
⎟⎟⎠
⎞
⎜⎜⎝
⎛+⎟⎟⎠
⎞
⎜⎜⎝
⎛+⎟⎟
⎟
⎠
⎞
⎜⎜
⎜
⎝
⎛
V
u
C
u
V
u
 where Vpip2 was the volume (4 mL) used to 
prepare the working standard solution. 
Pipettor 
As above for the intermediate solution, there were three 
uncertainty components for the pipettor; repeatability, specification and 
temperature.  
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The expected volume expansion would be 4 x 4 x 13 x 10-4 = 
0.0208. Thus, uPtemp = 
3
0.0208
= 0.024 and so it can be shown that uVpip2 
= 2Ptemp
2
Pcert
2
Prepeat uuu ++  = 2
2
2 0.024
6
0.08
0.0056 +⎟⎟⎠
⎞
⎜⎜⎝
⎛+ = 0.0352. 
Now Cw  = 
50
4
.Ci 
  = 
50
4
 x 12.416 
  = 0.9933 µg mL-1, 
and, noting the same dilution volume as above, 
 
2
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V
2
i
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⎞
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⎛
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=
2
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⎞⎜⎝
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⎞⎜⎝
⎛+⎟⎠
⎞⎜⎝
⎛
50
0.160
12.416
0.44
4.00
0.00811 22
= 0.0366 
Thus, uCw  = Ci.
2
dil
V
2
i
Ci
2
pip2
Vpip2
⎟⎟⎠
⎞
⎜⎜⎝
⎛
⎟⎟⎠
⎞
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⎛
⎟⎟
⎟
⎠
⎞
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⎜
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⎛
++
V
u
C
u
V
u
 µg mL-1 
  = 0.9933 x 0.0366 
  ~ 0.036 µg mL-1. 
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Working Calibration Standard Solutions 
For the working standard solutions, there were three different 
components that contributed to the overall uncertainty. These were the 
uncertainties relating to the dilution volume (Vws), the make-up volume 
(Vmake) (see Table 3.1) and the working standard, uCw.  
As for the volumes above, there can also be three contributors to 
the overall uncertainty of Vws and Vmake; repeatability, specification and the 
volume expansion related to temperature. However, since both the 
calibration and working standard solutions were prepared on the same 
day, the temperature term can be omitted for estimating the uncertainty 
for the standard solutions. Table 3.2 shows each of these components for 
the volumes used to prepare the working standard solutions. The overall 
uncertainty for both Vws and Vmake was calculated using uV = 2
spec
2
repeat uu +  
and is also shown in Table 3.2. 
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Table 3.2 The uncertainty components for the volumes used for preparing the working standard solutions and 
the combined uncertainty (u) 
Concentration Volume Repeatability Specification 
(μg mL-1)  (µL) (%) (%) urepeat uspec
A u 
Vws 20 0.12 2 0.024 0.0082 0.025B 0.02 
Vmake 980 0.14 2 1.372 0.0082 1.372C 
Vws 50 0.12 2 0.060 0.0082 0.061 0.05 
Vmake 950 0.14 2 1.330 0.0082 1.330 
Vws 500 0.16 2 0.800 0.0082 0.800 0.50 
Vmake 500 0.16 2 0.800 0.0082 0.800 
1.00 Vws 1000 0.14 2 1.400 0.0082 1.400 
AAssuming triangular distribution BuVws CuVmake
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The uncertainties for the dilution and make-up volumes were used 
to compute the combined uncertainty for each standard solution (Table 
3.3) using 
2
w
Cw
2
make
Vmake
2
ws
Vws
⎟⎟⎠
⎞
⎜⎜⎝
⎛+⎟⎟⎠
⎞
⎜⎜⎝
⎛+⎟⎟⎠
⎞
⎜⎜⎝
⎛
C
u
V
u
V
u
 where uCw and Cw are 0.036 and 
0.9933 μg mL-1, respectively. Comparatively, the uncertainty of preparing 
the working standard solution (Cw) was the largest component of the 
uncertainty for the calibration solutions.  
The uncertainty for each calibration standard was calculated as the 
product of the combined uncertainty and the respective concentration 
(Table 3.3). These values were calculated for MOA and it would be 
expected that these would applicable to EOA since the purity is the same 
(>= 97%), and possibly even better for MNA (purity >= 99%).  
Table 3.3 The combined uncertainty (uC), and related components, 
for the preparation of the working standard solutions. 
Concentration Vws uVws Vmake uVmake  
(μg mL-1) (µL) (µL) (µL) (µL) 
Relative 
combined 
uncertaintyA 
uCB 
0.02 20 0.037 980 0.0014 0.0367 0.0007 
0.05 50 0.0012 950 0.0014 0.0367 0.0018 
0.50 500 0.0016 500 0.0016 0.0367 0.0184 
1.00 1000 0.0014 0 - 0.0367 0.0367 
ARelative combined uncertainty = 
2
w
Cw
2
make
Vmake
2
ws
Vws
⎟⎟⎠
⎞
⎜⎜⎝
⎛+⎟⎟⎠
⎞
⎜⎜⎝
⎛+⎟⎟⎠
⎞
⎜⎜⎝
⎛
C
u
V
u
V
u
 
where uCw and Cw are 0.0366 and 0.9933 μg mL-1, respectively. 
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BuC = [BCFA].
2
w
Cw
2
make
Vmake
2
ws
Vws
⎟⎟⎠
⎞
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3.3.4.3 GC-MS Determination, Udetermination. 
The uncertainty component for the GC-MS calibration was found 
from the uncertainty associated for the determination of the BCFA 
concentration. Throughout the 3 year period of the survey, there was a 
wide range in the sensitivity of the calibration curves which will have an 
impact on the uncertainty in determination. The calibration data consisted 
of the relative ratio of the measured peak area for the BCFA to the peak 
area of internal standard, and the corresponding standard concentrations. 
For MOA, the calibration slopes ranged from 0.3390 to 1.040 while, for 
EOA and MNA, the slopes ranged from 0.2906 to 0.9596 and 0.3125 to 
0.9948, respectively. For this work, it was considered impractical to 
compute the uncertainty for every calibration and so, as a compromise, 
two calibration data sets were taken at, or close to, the 10th and 90th 
percentile of the range for each BCFA and the uncertainties were 
calculated for these sets. These data sets will be referred to as the lower 
and upper calibration curves, respectively. 
The uncertainty for the determination was calculated using a 
spreadsheet made available from the National Measurement Institute 
(Figure 3.5) For each calibration set, the data was used to compute the 
associated values of the slope and intercept for the calibration curve. 
Then, at each concentration level, the response for each concentration 
level was used to predict the expected concentration and the associated 
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error. For example, Figure 3.4) shows the spreadsheet and related entries 
for the lower calibration data set for MNA. The relative response (ratio of 
peak area for MNA to peak area of internal standard) for 0.02 µg mL-1 
standard was ~ 0.001 and the predicted concentration for this value 
(xpred) was 0.05 µg mL-1 with an associated error term of 0.156. This latter 
value is the confidence interval, at 95%, of the predicted value, and 
calculated using t(0.05,n-2) x s (standard deviation) of prediction where n is 
the number of calibration standards (Raluca Iavetz, National Measurement 
Institute, private communication). Thus, the error term can be divided by 
the associated t(0.05,n-2) value to give the s value of prediction, which can 
be used to find the relative uncertainty, 
pred
X
x
s
, for the BCFA 
measurement. The relative uncertainties for each concentration level in 
the chosen calibration datasets are shown in 
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Table 3.4. While there were differences for the error values between each 
data set, only minor differences between these values were observed 
within each data set.   
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Table 3.4 The predicted concentration and associated error for 
each standard using the lower and upper calibration curve. 
Lower Upper 
 
Conc. 
(μg mL-1) xpred Error xpred Error 
MOA 0.02 -0.043 0.273 0.064 0.142 
0.05 -0.030 0.268 0.810 0.142 
0.50 0.775 0.265 0.628 0.140 
 
1.00 0.901 0.280 0.856 0.140 
0.02 -0.008 0.218 0.053 0.104 
0.05 0.013 0.216 0.076 0.079 
0.50 0.710 0.209 0.406 0.075 
EOA 
1.00 0.904 0.147 1.048 0.081 
0.02 0.050 0.061 0.024 0.084 
0.05 0.073 0.061 0.038 0.084 
0.50 0.443 0.057 0.602 0.082 
MNA 
1.00 1.045 0.065 0.889 0.082 
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Figure 3.5 Sample output from Excel spreadsheet for calculating predicted concentration and associated 
uncertainty using the lower calibration curve for MNA. 
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3.3.4.4 Recovery, Urecovery 
The uncertainty for the recovery has been expressed as the 
standard deviation of the mean of a set of recovery factors (see e.g. 
Example A4 of the Eurachem Guide) or defined as a wide span covering 
possible lower and upper limits, and the interval treated as a rectangular 
distribution (Meyer 2007). Both approaches were used to estimate the 
uncertainty component for the recovery. As part of the experimental 
procedure, a fat sample spiked at a fixed concentration of undecanoic acid 
(1.00 mg kg-1) was incorporated with each batch to verify that sampling 
by the Unitrex was complete, and also that esterification of the BCFAs was 
also complete. Usually, such samples can be used to adjust for any bias 
which could be present in the analysis. As far as this author is aware, 
though, the recovery standard was not used for this purpose in the 
survey. 
Throughout the course of the survey, five different fat samples 
were used as the basis for the recovery standard. This involved the 
addition of 0.4 mL of the working internal standard solution to 20 g fat 
and distributed through the matrix. By comparison of the peak area for 
undecanoic acid in the spiked fat sample to the peak area of the internal 
standard in the BCFA standard solution at the same concentration (1.00 
µg mL-1, in the calibration curve), it would be possible to determine the 
recovery of undecanoic acid through the analytical process. For this 
chapter, this analysis was performed after the survey had been completed 
and higher peak areas for undecanoic acid-TMS ester were found in the 
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recovery compared to the corresponding BCFA standard solution. 
Inspection of the chromatograms revealed that another compound had co-
eluted with the undecanoic acid-TMS ester and thus producing higher than 
expected peak areas. This was most likely due to the presence of 
undecanoic acid already in each fat sample. Of course, another compound 
might have been possible as an artefact but, given that it eluted at the 
same retention time and had the same molecular ion, this seemed 
unlikely. For the purpose of this work, the effect of this artefact needed to 
be removed. Since this study was performed after the survey, it was not 
possible to determine the levels of the interference for each fat sample as 
these were no longer available. Thus, an alternative strategy was adopted 
to provide an estimate for the artefact. The recovery (R) was estimated 
using 
R =  
std
std
recrec
)(
P
PPP −−
 
where Prec is the peak area of undecanoic acid-TMS ester in the 
recovery standard, Pstd is the peak area of undecanoic acid-TMS ester in 
the corresponding BCFA standard and stdP  is the average of all peak areas 
for the ester in each standard solution. The term ( )stdrec PP −  was used as 
an approximation for the background signal and taken as the difference 
between the peak area of undecanoic acid-TMS ester in the recovery 
standard and the average of the peak area for the ester in all 1.00 µg mL-1 
BCFA standard solutions. In practice, this would not be the preferred 
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option to calculate the recovery level. Usually, the sample (without 
spiking) would be analysed to determine the concentration (say, for 
example, 0.5 µg mL-1) and then, after spiking, the sample would be re-
analysed. If we assume that the spiking level was 1.00 µg mL-1, and that 
that the spiked sample was measured as 1.40 µg mL-1 then the recovery 
would be calculated using 
1.00
0.501.40 −
 x 100% = 90%. Unfortunately, this 
information was not available for this estimation and so the above 
alternative approach was adopted to find estimates for the recovery 
uncertainty component.  
Table 3.5 The average recovery (R) of undecanoic acid from five 
spiked fat samples and the uncertainty estimates using standard 
deviation of the mean (uSDM) and a rectangular distribution (urect). 
Spiked fat R sA nB uSDMC urectD 
A 1.137 0.442 37 0.073 0.079 
B 1.147 0.482 24 0.099 0.085 
C 1.073 0.283 15 0.073 0.042 
D 1.007 0.087 6 0.036 0.004 
E 1.129 0.446 19 0.102 0.075 
As = standard deviation BNumber of batches CuSDM (standard 
deviation of the mean) = 
n
s Durect = 
3
1 R−
  
The mean recovery and associated standard deviation for each set 
of batches, using the different spiked fat samples, is shown in Table 3.5. 
The mean recovery ranged from 1 to over 1.1 while the relative standard 
deviation (RSD) ranged from ca 8 to 40%. While the RSD was higher than 
the preferred value of ca 20%, it still can be regarded as reasonable. This 
approach also assumes that the response for undecanoic acid-TMS ester 
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remains linear over the concentration range spanning the unspiked and 
spiked fat samples. It is possible that this may not be the case and 
response of the detector may be non-linear. If this is the case then this 
could explain why the recovery is greater than 1. Matrix induced 
enhancement, a phenomenon commonly occurring in GC analysis of 
pesticide residues, could also be responsible for the higher recovery and 
occurs when a higher signal is found for an analyte in a sample when 
compared to standards prepared in a matrix-free solvent (Erney et al. 
1993). As an aside, a significance test was also performed on the recovery 
data to ascertain whether the recovery was significantly different from 1. 
The test statistic, t, was calculated using t = 
SD
1)( nx −
 where x  is the 
mean recovery, n is the number of samples and SD is the standard 
deviation. For example, the t statistic for fat A = 
0.442
371)(1.137 −
=1.881 
and, when compared with the associated tcrit value (for a 95% confidence 
level, t(0.05,n) = 2.026), t < tcrit, indicating that the recovery factor was not 
significantly different from 1, and so was not required for quantitation. 
This was the case for all spiked fat samples. The standard deviation of the 
mean ranged from 0.036 to 0.102 and, with the rectangular distribution, 
the uncertainty ranged from 0.004 to 0.085. This suggested that no 
appreciable difference existed between either approaches for estimating 
the recovery uncertainty component. A conservative (i.e. worst-case) 
approach was adopted for this work and the highest uncertainty value was 
chosen as the recovery; i.e. the measurement uncertainty for recovery 
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was chosen as 0.10. It was also assumed that the response for each BCFA 
would be similar to undecanoic acid. Being chemically similar, this was a 
reasonable assumption but there is the risk that some variation between 
each response could exist.  
3.3.4.5 Sample Volume (Vspl) 
There were two uncertainty components for the sample volume 
(1.14 mL), accuracy and precision. For Hamilton syringes, the accuracy is 
reported as ± 1% of nominal value while the precision is stated as within 
1%, measured at 80% of total scaled volume (Anonymous) which means 
that uaccuracy = 0.01 x 
6
1.14
 = 0.00465 and uprecision = 
6
0.01
 = 0.00401. 
Thus, uVspl  = 2precision
2
accuracy uu +  
 = 22 0.004010.00645 +  
 = 0.0076 
It is worth noting that there could also be a temperature 
component for the sample volume but, given the sample was kept heated 
and remained molten, this probably would not be significant compared to 
the other components. 
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3.3.4.6 Final Volume (Vfinal) 
The sample extracts were diluted to 1 mL using graduated 
Kuderna-Danish tubes for which there were three uncertainty 
components; the uncertainty in the calibration (uKDcal), the uncertainty in 
the repeatability (uKDrep) and the temperature expansion for hexane, utemp. 
The first two components were determined as 0.01732 and 0.0451, 
respectively (Gavin Rose, private communication). For temperature, the 
expansion coefficient for hexane is 13 X 10-4 mL °C-1 so the expected 
volume expansion would be ± V x T X expansion coefficient = 1 x 4 x 13 x 
10-4 = 0.0052 and so, utemp = 
3
0.0052
 = 0.003. The components were 
combined to give uVfinal = 2temp
2
KDrep
2
KDcal uuu ++  = 
222 0.0030.04510.01732 ++ = 0.0484. 
3.3.4.7 Combining The Uncertainties To Form The Overall 
Uncertainty 
The quotient rule, together with the information shown in Figure 
3.4, can be used to estimate the uncertainty for the determination of the 
BCFA content using 
2
⎟⎠
⎞⎜⎝
⎛
[BCFA]
BCFAu = 
2
⎟⎟⎠
⎞
⎜⎜⎝
⎛
f
Vf
V
u
 + 
2
rec
Rec
⎟⎠
⎞⎜⎝
⎛ u  + 
2
std
std
⎟⎠
⎞⎜⎝
⎛ u + ( )2iondeterminatu  +
2
spl
Vspl
V ⎟⎟⎠
⎞
⎜⎜⎝
⎛ u
 
which, upon rearrangement, becomes  
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uBCFA = [BCFA]. ( )
2
spl
Vspl2
iondeterminat
2
stdrec
2
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u
u
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2
. 
Thus, using the estimates calculated for each component, it is 
possible to find the overall uncertainty estimate. The calculated values for 
both calibration curves (uLower and uUpper) are shown in Table 3.6. These 
values were used to calculate the expanded uncertainties, ULower and UUpper 
(ULower = 2 x uLower and UUpper = 2 x uUpper), which provides the confidence 
level of 95% for the result at these concentration values. 
In general, higher uncertainties were found with the lower 
calibration datasets compared to those found with upper calibration data. 
If this observation holds true for all of the calibration data then the 
uncertainty will then be dependent on the value of the calibration slope as 
the uncertainty will increase with poor sensitivity (i.e. a low calibration 
slope). It would be preferable that the overall uncertainty was 
independent of the slope and so an alternative approach may be needed 
to estimate the uncertainty associated with the determination. 
Additionally, if the method is ever used for compliance (i.e. for 
determining sheep category) then the limit of detection (LOD) would also 
need to be determined for each BCFA. The LOD represents the 
concentration where the method is not suitable for reliable quantification. 
The wide variation in the calibration data suggests that a minimum peak 
area for each BCFA might be needed for lamb, hogget and mutton for the 
purpose of compliance. This information is available with the present data 
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set but would need time and effort to extract this data from each of the 
533 chromatograms. 
Table 3.6 The calculated uncertainty (u) and expanded uncertainty 
(U) for four concentration levels in the lower and upper calibration 
curve of MOA, EOA and MNA using a bottom-up approach. 
 (µg mL-1) uLower uUpper ULower UUpper 
0.02 NDA 0.045 ND 0.089 
0.05 ND 0.013 ND 0.026 
0.50 0.195 0.146 0.391 0.292 
MOA 
1.00 0.364 0.250 0.728 0.500 
0.02 0.002 0.039 0.005 0.079 
0.05 0.831 0.053 1.662 0.106 
0.50 0.175 0.141 0.350 0.282 
EOA 
1.00 0.249 0.203 0.499 0.406 
0.02 0.025 0.070 0.049 0.140 
0.05 0.043 0.111 0.086 0.222 
0.50 0.114 0.116 0.229 0.232 
MNA 
1.00 0.199 0.209 0.398 0.418 
AND = not determined as the predicted concentrations were 
negative 
An assessment of the contribution of each component to the 
overall uncertainty was made using MNA as an example, as a full data set 
was available (Figure 3.6). This was done for 0.02 µg mL-1 and 1.00 µg 
mL-1 standards for the lower calibration curve (Figure 3.6) as well as 0.02 
µg mL-1 and 1.00 µg mL-1 standard solutions for the upper calibration 
curve (Figure 3.6). For both calibration curves, the relative uncertainty is 
higher for the 0.02 µg mL-1 standard when compared to the highest 
standard. Additionally, for the lower concentration, the main contributor to 
the overall uncertainty comes from the component for the GC 
determination while, for the highest standard, this component is of the 
same magnitude as the components for the recovery and the standard 
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preparation. For each concentration level, the components for the 
recovery, standard preparation, sample and final volumes remained 
constant, and so the differences between each standard were due to the 
GC determination component. 
3.3.5 Quantifying The Measurement Uncertainty Using A Top-
Down Approach 
As for the bottom-up approach, the top-down approach needs to 
consider the experimental process but there is not the need to evaluate 
every component in the detail described above except to confirm the each 
uncertainty contribution has been accounted for. A top-down study can 
begin with a repeatability or reproducibility study where n-fold repetitions 
are made of the whole procedure, including all weighing operations and 
preparation of all reference and standard solutions (Meyer 2007). 
Alternatively, an estimate can be made with data which describes best 
estimates of the method’s overall precision and overall bias (that is, the 
difference between the ‘measured’ and ‘true’ result) with its associated 
certainty (Ellison et al. 2000). This last approach was adopted for this 
study, and was done after the survey described in Chapter 4 had been 
completed. As for the bottom-up approach, an Ishikawa diagram was 
required to identify the uncertainty components. In this case, though, the 
components relating to the reproducibility and bias of the method were 
used to estimate the measurement uncertainty. Inspection of Figure 3.4 
showed that reproducibility terms associated with preparation of the 
calibration standards (pipettors and volume flasks), the sample (Vspl) and 
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final (Vf) volumes and the mass used for the standard stock solution, and 
these were combined into a single branch (Figure 3.7).  
As noted above, the presence of bias can be ascertained using a 
recovery study and, if necessary, a recovery factor can be applied to the 
final result to account for the bias (Leung et al. 2007). The terms relating 
to the recovery were the tolerance (bias) components, hexane expansion 
due to temperature and linearity of the calibration curve, and these were 
combined into another branch. The purity of the BCFA standard was 
deemed to be a separate component. 
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Figure 3.6 Histogram representations of the uncertainty 
components for the upper calibration curve of MNA at 
concentrations of (a) 0.02 μg mL-1 and (b) 1.00 μg mL-1. 
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3.3.5.1 Precision Study, Uprecision 
Only a small set of data were available which could be used to 
estimate the precision of the method. Nearly all of the measurements for 
the survey were made as singleton determinations, with only 3 samples 
measured in duplicate. It was these results which were used to estimate 
the precision of the measurement process (Table 3.7). The uncertainty 
component for precision, uPrecision, for each BCFA was taken from the 
standard deviation (SD) of the relative difference between duplicate 
measurement (Ingersoll 2001). The relative difference was defined as the 
ratio of the difference between the replicate measurement and the mean 
to the mean of each duplicate measurement. These values are shown in 
Table 3.7. For MOA and EOA, the repeatability of the duplicates was quite 
good and consequently the associated SDs for these two compounds was 
quite low as well. For MNA, one replicate for two samples was 0 and this 
meant that the SD for this compound was quite high and that the 
precision component for this compound was also high as well. 
If, on the other hand, better data had been available then it is 
likely that the precision data would have reflected this. For example, if the 
second replicate for sample two was 0.024 and the first replicate of 
sample three was 0.012 then the uncertainty component would have been 
0.063, not 0.509 as shown in Table 3.7. These lower values suggest that 
the MNA levels might be close to the detection limit for this compound 
with the method. Thus, for MOA and EOA, the relative precision 
Classification Of Sheep Category Using Chemical Analysis And 
Statistical Classification Algorithms 
 
 
 
 
85 
uncertainty component (uPrecision) was taken as 0.050 and 0.029 
respectively while, for MNA, uPrecision = 0.509. 
 
Table 3.7 The precision data for estimating the uncertainty 
component using a top-down approach. 
BCFA Sample Rep. 1 Rep. 2 Mean Relative differenceA 
1 0.231 0.235 0.233 0.009 
2 0.072 0.087 0.080 0.008 
3 0.186 0.189 0.188 0.008 
MOA 
 SDB= 0.050 
1 0.109 0.125 0.117 0.068 
2 0.089 0.092 0.091 0.017 
3 0.176 0.154 0.165 0.067 
EOA 
 SD = 0.029 
1 0.015 0.019 0.017 0.118 
2 0.028 0.000 0.014 1.000 
3 0.000 0.008 0.004 1.000 
MNA 
 SD = 0.509 
AAbsolute value of 
( )
Mean
MeanReplicate −
 BSD = standard deviation 
3.3.5.2 Recovery Component, Urecovery 
The value for the uncertainty component for the recovery was set 
to the same value for the bottom-up approach, 0.10. 
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 Figure 3.7 Final cause-and-effect diagram for identifying measurement uncertainty sources for top-down 
approach 
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3.3.5.3 Combining The Uncertainties To Form The Overall And 
Expanded Uncertainty. 
As with the top-down approach, the combined uncertainty can be 
determined using the precision and recovery components, according to: 
2
BCFA
[BCFA]⎟⎟⎠
⎞⎜⎜⎝
⎛ u
= 
2
⎟⎟⎠
⎞
⎜⎜⎝
⎛++
Purity
purity2
Recovery
2
ilityReproducib
u
uu  which, upon 
rearrangement, yields uBCFA = [BCFA].
2
⎟⎟⎠
⎞
⎜⎜⎝
⎛++
Purity
purity2
Recovery
2
iltyReproducib
u
uu . 
The reproducibility uncertainty (uReproducibility) term relates to the 
performance of the method in interlaboratory studies, and can be taken as 
2 x uPrecision (Gavin Rose, private communication). The calculated values 
are shown in Table 3.8. The expanded uncertainty, UBCFA, was taken as 2 x 
uBCFA. For MOA and EOA, recovery was the most significant contributor to 
the overall uncertainty while, for MNA, the most significant contributor 
was reproducibility (Figure 3.8). 
Table 3.8 The calculated uncertainty (uBCFA) and expanded 
uncertainty (UBCFA) for MOA, EOA and MNA using a top-down 
approach. 
Concentration uBCFA UBCFA 
(µg mL-1) MOA EOA MNA MOA EOA MNA 
0.02 0.002 0.003 0.010 0.004 0.006 0.021 
0.05 0.006 0.007 0.026 0.011 0.014 0.052 
0.50 0.056 0.070 0.259 0.112 0.141 0.519 
1.00 0.112 0.141 0.519 0.224 0.281 1.037 
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Figure 3.8 Histogram representations of the uncertainty 
components for (a) EOA and (b) MNA using the top-down 
approach. 
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3.3.6 Comparing The Bottom-Up And Top-Down Approaches For 
Estimating The Measurement Uncertainty. 
Table 3.9 shows the expanded uncertainties found for MOA, EOA 
and MNA for the concentration values spanning the calibration curve for 
the Unitrex extraction/GC-MS analysis, using the bottom-up and top-down 
approaches. Also, given in the table are the expected relative standard 
deviations of reproducibility (RSDR, i.e. interlaboratory variation) at each 
concentration value. These were calculated from the Horwitz relationship, 
which can be expressed as RSDR (%) = 2C-0.15, where C is the 
concentration expressed in mass/mass units (Horwitz and Albert 2006). 
This relationship provides an estimate of a two-sided one-sigma 
confidence interval (CI) for a given concentration. While some 
reservations have been expressed by some authors on the validity and 
applicability of the equation (Linsinger and Josephs 2006; Ritter and 
Meyer 2005), it remains a useful guide on providing estimates for the 
expected CIs at a given concentration.  
It is important to evaluate the uncertainties found with each 
approach and ask the question, “Does it make sense?” Using the bottom-
up approach, the expanded uncertainties 0.02 and 0.05 µg mL-1 for each 
BCFA were higher than what would be expected at these concentration 
levels. The top-down approach produced estimates at these concentration 
levels that were lower than the expected values. For MNA, the top-down 
estimations were higher for 0.5 and 1.00 µg mL-1 compared to MOA and 
EOA due to the higher reproducibility component for this BCFA. This 
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probably would have been avoided if better agreement had been found 
between the duplicate measurements in the precision study for this 
compound. It is interesting to note that, for MOA and EOA, the 
uncertainties for the 0.50 and 1.00 µg mL-1 standards were also of similar 
magnitude. For MOA and EOA, the top down estimates were comparable 
to the Horwitz values. 
For the BCFA analysis, large variations existed for the expanded 
uncertainty. At times, it is not often appreciated how analytical results can 
vary, and just how large this variation can be, particularly when low 
concentrations of a measurand (i.e. ppb levels) are being determined 
(Codex Committee on Methods of Analysis and Sampling 2010). In this 
study, the calibration curve spans the concentration range of 20 to 1000 
µg L-1 (ppb) and so variation in the uncertainty, common for GC analyses, 
will be present for the BCFA analysis. For comparison, the uncertainties 
found for the analysis of pesticide residues by GC-MS can also span orders 
of magnitude across a concentration range; for example, the 
measurement uncertainty for measuring of nuarimol (a fungicide) has 
been reported as 128.6, 65.0 and 33.9 at 0.050, 0.100 and 0.200 mg L-1 
for measurement by GC-MS (Cuadros-Rodríguez et al 2002). These 
authors reported that for other pesticides the expanded uncertainties 
ranged from 35 to 985% at concentrations < 0.200 mg L-1 and, so while 
its prudent to be concerned that such variations can exist, it is also useful 
to note that these are not uncommon or unusual for GC-MS analysis at 
these concentration levels. 
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Table 3.9 A comparison of the expanded uncertainties for MOA, EOA and MNA using a bottom-up and top-down 
approach and the calculated Horwitz value 
 
Concentration MOA EOA MNA 
Horwitz 
valueA 
(µg mL-1) Bottom-up Top-down Bottom-up Top-down Bottom-up Top-down (%) 
0.02 0.089 0.004 0.005 – 0.079 0.006 0.049 - 0.140 0.021 28.57 
0.05 0.026 0.011 0.106 - 1.662 0.014 0.086 - 0.220 0.052 24.90 
0.50 0.292 - 0.391 0.112 0.282 - 0.350 0.141 0.229 - 0.232 0.519 17.63 
1.00 0.500 - 0.728 0.224 0.406 - 0.498 0.281 0.398 - 0.418 1.037 15.89 
AHorwitz value = 2C-0.15 where C is the concentration expressed in mass/mass units (Horwitz and Albert 2006)
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In comparing the two approaches, it is reasonable to say that each 
have their advantages and disadvantages. The bottom-up approach 
requires that a close examination is made of the method in order to 
identify each uncertainty component. Subsequently, there is also a high 
amount of computation which is required to determine each estimate, 
particularly for multi-step sample preparation and analysis. While this 
process can be tedious, it means that a thorough evaluation can be made 
of the analytical process, independent of sample type, and allows a better 
understanding of the process to be gained (Hund et al. 2003). The 
practitioner gains insight into the relative importance of each individual 
uncertainty component which then can be useful in identifying most 
important component(s). Often, one component can have the most 
significant influence on the overall uncertainty meaning that the other 
contributions can be ignored. For example, in the ‘bottom up’ analysis, the 
mass component was the most significant contributor for preparation of 
the standard solutions (3.4% cf the overall uncertainty of 3.7% from 
Table 3.3). In this case, the detailed calculations of section 3.3.4.2 would 
not have been required and so the process would have been simplified.   
However, there is also then the risk that a component could then be 
overlooked or that the contribution made by an uncertainty component 
could be underestimated (Štěpán et al. 2004). The bottom-up approach 
has not been without its critics and has been described as “absurd and 
budget-busting” (Horwitz 2003) because metrological chemists have 
applied concepts originally developed for physical processes measured 
with a high degree of precision (5 to 9 significant figures) to analytical 
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chemistry where results usually have 2 or 3 significant figures. The 
approach can also ignore the fact that methods can be influenced by 
factors, both positive and/or negative, which tend to cancel out, and that 
some methods are only influenced by a few factors that can overwhelm 
the rest (Horwitz 2003). In contrast, the top-down approach requires less 
information and computation to provide uncertainty estimates. Often, the 
data from analyte recovery data and precision studies can be used for top-
down approaches and this can be usually obtained from method validation 
data, such as in-house studies. This can also indicate how results scatter 
throughout the course of routine work (Horwitz 2003). 
Normally, the number of samples used in applying the top-down 
approach would be larger than those used in this study. As far as this 
author is aware, no validation studies of the method were done prior to 
the work described in Salvatore et al (2007) or Chapter 4 as the method 
was deemed fit for purpose for the measurement of BCFAs in sheep fat. 
Thus, only a limited range of data was available. This has impacted on the 
reliability of these estimates, particularly for MNA, where the values were 
low and probably close to the detection limit for this compound by this 
method.  
The top-down approach means that evaluations can be made 
using combined sources of uncertainty, and estimations of the 
measurement uncertainty can be made relatively simply (Štěpán et al. 
2004). Using this approach though means that only relative uncertainties 
can be calculated, which can also vary between samples (Hund et al. 
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2003). The high uncertainty for MNA found with the top-down approach 
also suggests that if BCFA concentration could be used to assign sheep 
category then it may  be prudent to select a single BCFA, such as MOA 
present in higher concentrations, for this purpose. Additionally, since each 
sample was analysed as a single replicate, it would not be unexpected to 
find that, by increasing the number of replicate measurements, the 
uncertainty would be reduced. However, this did not prove to be the case. 
Using the upper MNA calibration as a case study, the overall uncertainty 
was calculated with the change in udetermination for n = 1 and 5 replicates 
(using the Excel spreadsheet shown in Figure 3.4) at 0.02 and 1.00 µg 
mL-1. For 0.02 µg mL-1, the uncertainty decreased from 0.044 (n = 1) to 
0.024 (n = 5) which was also the case for the 1.00 µg mL-1 standard; the 
uncertainty decreased from 0.253 to 0.208. For n = 3, the uncertainties 
were 0.0285 and 0.216, respectively. Thus, while the uncertainty did 
decrease with increasing the number of replicate measurements, the 
improvement to the uncertainty was comparatively small. 
For this work, the bottom-up approach provided estimates for the 
measurement uncertainty which, for each BCFA, were comparable to 
those calculated with the Horwitz relationship. While this approach is more 
tedious to perform, due to the number of calculations that are involved, it 
also means that no assumptions are made about the sample, and so the 
process remains independent of sample type. Additionally, when some 
doubt on the quality of the data for a top-down approach, the bottom-up 
approach may be the only viable alternative which can be used for 
providing estimates of the measurement uncertainty. It has been 
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suggested that a bottom-up approach should always be implemented with 
a new analytical method to evaluate the measurement uncertainty as this 
means all uncertainty sources can be identified and estimated (Štěpán et 
al. 2004). For any subsequent estimation, the top-down approach can be 
used with the method since it represents a good compromise for 
calculating the uncertainties for the established method. 
3.4 Conclusion. 
This study has examined both a bottom-up and top-down 
approach for determining the measurement uncertainty for the 
determination of three BCFAs in sheep fat using sweep co-distillation and 
GC-MS. The bottom-up approach requires that an in-depth examination is 
made of the analytical process with almost pedantic attention to the detail 
and in the case of multi-step methods there can be considerable amount 
of computation. This rational approach in this study produced uncertainty 
estimates comparable with the Horwitz value at the same concentration 
range. Using the top-down approach, the uncertainty estimates for MOA 
and EOA were comparable to the values produced with the bottom-up 
approach while, for MNA, higher uncertainties were found due to the high 
precision uncertainty component for this compound. In the event that the 
method could be used for regulatory compliance, this study also forms the 
basis for assignment of uncertainty to the final result. This would be 
particularly important if sheep category was defined within particular 
limits. The uncertainty would need to be taken into account when an 
assessment is made of compliance, and the limits would need to be set 
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with some allowance for the measurement uncertainties (Ellison et al. 
2000). 
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CHAPTER 4:  AGE AND NUTRITION INFLUENCE THE 
CONCENTRATIONS OF THREE BCFA’S IN OVINE FAT FROM 
AUSTRALIAN ABATTOIRS1 
4.1 Introduction 
The characteristic mutton odour, associated with the cooked meat 
of older sheep, can result in low consumer acceptance of this meat (Young 
et al. 2003). BCFAs, particularly MOA and MNA, have been implicated as 
the main compounds responsible for this aroma in cooked ovine meat 
(Brennand and Lindsay 1992; Rousset-Akrim et al. 1997; Young et al. 
1997). The levels of these two compounds increase in sheep fat as an 
animal grows older (Young et al. 2006). Recent work (Salvatore et al. 
2007) reported that differences in MOA and MNA concentrations for 8 and 
22 month animals did exist but lower amounts of these BCFAs were found 
in the older animals compared to the younger ones, contrasting the work 
reported by Young et al. (2006). This result was unexpected as BCFA 
concentrations are expected to increase with age and Salvatore et al. 
(2007) believed this result was due to confounding related to slaughter 
date and feeding. 
Salvatore et al. (2007) demonstrated, for the first time, the 
influence of breed, gender, and age on MOA and MNA concentrations in 
                                      
1 Published in Meat Science (2010), 86, 594-599 
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the fat tissue of Australian sheep. The animals used in the study of 
Salvatore et al. (2007) were typical of those employed for meat 
production in Australia, and part of an experimental flock developed by 
the Australian Sheep Industry Co-operative Research Centre (Pethick et 
al. 2007). Given the experimental nature of the flock used by Salvatore et 
al. (2007), the study was extended to include animals available at 
commercial abattoirs, which is the subject of this report. For this present 
work, it was intended to collect as much data as possible (e.g. breed, age, 
gender and finishing diet) for the animals so that the impact of each factor 
on the BCFA concentrations of the sheep could be identified.  
Additionally, a recent Australian Senate inquiry into meat 
marketing (2008) reported there is some concern that hogget and mutton 
substitution for lamb may be occurring in the industry. Sheep 
classification, based on dentition of an animal, occurs prior to slaughter 
and, once processed on the slaughter floor, there is presently no objective 
method that can be used for the identification of sheep category. If such a 
test was available then ‘truth in labelling’ could be performed on 
sheepmeat product while it is in the supply chain. Where anomalies were 
detected (e.g. when meat from older animals is substituted for lamb), 
‘trace back’ activities could then be performed to identify the source of 
any irregularity. The sample preparation step used in this study, and that 
of Salvatore et al. (2007), was chosen because it closely replicates the 
cooking process that ovine fat is subjected to, prior to consumption. The 
use of this step assumes the measured BCFA concentrations are the same 
as those resulting from the process of cooking the meat. 
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Given that BCFA concentrations increase with an animal’s age 
(Young et al. 2006), it is possible that the measured levels could be used 
to determine sheep age and thus sheep category (i.e. lamb, hogget or 
mutton). If BCFA content of sheep fat could be used for classifying sheep 
category then chemical analysis would be an effective and objective tool 
which could be applied to fat from meat product anywhere in the supply 
chain. Thus, rather than having to rely on dentition as a proxy for age 
(which occurs prior to processing), an alternative method would be 
available that could be used for determining sheep category, and thus the 
detection of meat substitution. So, in addition to identifying what factors 
influence the BCFA content in the fat of Australian sheep, an additional 
aim was to determine whether chemical analysis could be used for 
classifying sheep age and thus category. 
4.2 Materials And Methods 
4.2.1 Sample Collection 
In total, 533 samples were collected from abattoirs in New South 
Wales (180), Victoria (170) and Western Australia (183). Across the 
samples from the three states, there was some variation in the data 
collected on each flock of animals sampled. The sampled animals were 
typical for the particular state and time of collection. The samples from 
WA were collected over the period of June to November 2007 with some 
data available on breeds (Merino, South African Merino x Merino, Dorpa 
Lee and others unspecified) but none on the carcass weight. For Victoria, 
the samples were collected from March to June 2007 and no data was 
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collected on either sheep breed or carcass weight. The samples from NSW 
were collected in October 2006 with all carcasses having data on carcass 
weight and most carcasses having data on breed. Pre-slaughter nutrition 
was categorised into seven groups; grain, lucerne, lucerne mixed, native, 
pasture, pasture supplement and saltbush (Table 4.1).  
Table 4.1 Nutrition categories indicating pre-slaughter diet 
Nutrition 
category 
Includes 
Grain Lamb finishing pellets 
Lucerne - 
Lucerne mixed Lucerne with oat paddock or clover/pasture or mixed 
grain supplement 
Native Mixed native pasture, native and improved pasture 
Pasture Paddock, hay, rye grass, clover, and straw 
Pasture 
supplement 
Pasture with barley/hay, finishing pellets, and oats/lupins  
Saltbush Old man salt bush/burr 
4.2.2 Sample Preparation 
Subcutaneous fat samples (ca 20-30 g) were collected from the 
chump area (over the gluteus medius, to minimise carcase damage) at 24 
hours post slaughter and frozen at -20 °C until needed. Prior to analysis, 
the surface layer of the fat was removed and the remainder cut into 
smaller portions (ca 0.5 cm3 squares). Molten fat was prepared by heating 
the cut portions in a microwave oven for approximately 5 mins. 
The extraction of the FAs from the fat is described in section 3.1. 
4.2.2.1 Reagents 
See section 3.2.14 and 3.2.5  
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4.2.3 GC-MS Analysis 
The separation, detection and quantitation of the derivatised FAs 
by GC-MS were described in section 3.4. 
4.2.4 Statistical Analysis 
The data were tested in a similar way to Salvatore et al. (2007) 
with the log variates of BCFA concentration (log10 (EOA + 0.075), log10 
(MNA + 0.0003) and log10 (MOA + 0.05)) related to effects and 
interactions of gender and breed (as fixed effects) while adjusting for 
abattoir, sampling date and nutrition (as random effects) using restricted 
maximum likelihood (REML) models. The most parsimonius model, for 
each fixed variate, was chosen using Wald tests accompanied by 
approximate F statistics (Kenward & Roger 1997). The random terms 
selected for all modelling (abattoir, sampling date and nutrition) were the 
most appropriate given the structure of the data where other random 
terms, main or interaction, were confounded with these terms, i.e. animal 
source confounded with sampling date.  Log10 (y + c) transformations 
were needed to ensure that the amount of residual variation did not 
change with the increase in the mean. After the selection of the 
appropriate model, specific pairs of means were compared using the 
SEDLSI procedure (Genstat 2003). The SEDLSI procedure computed a 
least significant interval (LSI, or error bar) that overlaps when there is no 
significant difference between back transformed data, or that is disjoint 
(i.e. does not overlap) where there are significant differences (Hannah & 
Quigley 1996). The computation was performed using a table of treatment 
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means and the corresponding standard error of distance (SED) to 
generate a value, δ,, such that [δi + δj] ≅ SED. All analyses were 
performed using Genstat. Boxplots were produced using R, version 2.4.1 
(R Development Core Team 2006). Estimates of the mean BCFA 
concentrations for pre-slaughter nutrition category were derived as best 
linear unbiased predictors (BLUPs) since pre-slaughter nutrition was fitted 
as a random effect. There were 533 values (254 lamb, 131 hogget and 
148 mutton) used in the data set when the nutrition category was not 
considered as a factor while, when the nutrition class was adjusted for, 
333 values (206 lamb, 48 hogget and 79 mutton values) were used for 
the analysis.  
4.3 Results And Discussion 
4.3.1 BCFA Concentrations 
This study, and the earlier one by Salvatore et al. (2007), 
represents a novel application of the Unitrex apparatus and the related 
sweep co-distillation technique. These units were originally developed in 
the late 1980s to isolate pesticides from complex matrices in the analysis 
of organophosphate and organochloride pesticides in meat and dairy 
products (Tekel' & Hatrík 1996). For this work, these units were utilised in 
an alternative way and were used to simulate the cooking conditions 
typically involved with roasting sheepmeat. As the unit is a closed system, 
the purge of nitrogen and entrapment using Tenax®, allowed for the 
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convenient capture of the thermally labile compounds resulting from 
heating and partial hydrolysis of ovine fat. 
 
 
Figure 4.1 Representative total ion chromatogram (TIC, arbitrary 
units - AU) of compounds purged from a lamb fat sample as 
trimethylsilyl (TMS) esters showing retention times of the three 
main FAs. The inset shows an expanded region of the TIC 
indicating the retention times of the BCFAs as TMS esters. 
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Figure 4.1 shows a total ion chromatogram (TIC) of the 
compounds purged from a molten lamb fat sample using a Unitrex sweep 
co-distillation unit with the FAs measured as trimethylsilyl (TMS) esters. 
The main components in the TIC were hexadecanoic (palmitic, C16:0), 
octadecenoic (oleic, C18:1) and octadecanoic (stearic, C18:0) FA-TMS 
esters. These compounds are the major FAs in sheep fat, and result from 
the hydrolysis of the triacylglycerol component of fat. Typical ranges for 
these FAs are ~ 20 to 30 g per 100g of the total FA content (Wood et al., 
2008). In contrast, BCFAs were present in the ovine fat samples at much 
lower levels. This can be clearly seen in the inset of Figure 4.1 which 
shows an expanded region of the TIC, indicating the retention times of the 
BCFAs as TMS esters. 
The BCFA levels increased with age with lower levels found in lamb 
(< 1 yr), higher levels present in mutton (> 2 yr) and the levels in hogget 
(> 1 yr and < 2 yr) as intermediate between lamb and mutton (Figure 
4.2). This is not surprising since BCFA concentrations in sheep fat are 
expected to change with an animal’s age, increasing as an animal grows 
older (Young & Braggins 1999). This study substantiates this view and 
confirms the work of others (Ha & Lindsay 1990; Sutherland & Ames 
1996; Young et al. 2006). MOA was the most abundant of the BCFAs with 
the median MOA concentration being almost two-fold higher than EOA, 
and ten-fold higher than MNA. Young et al. (2006) found that MOA was 
higher than MNA with the mean MOA concentration five-fold higher than 
MNA. EOA was not reported in that study. EOA and MNA were not 
correlated (r2 = 0.1754) but there is evidence that both EOA and MNA 
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were correlated with MOA (r2 = 0.6438 and 0.7300, respectively, P < 
0.05). The positive relationship between MOA and MNA has been 
previously reported and found in 8 and 22 month old animals (Salvatore 
et al. 2007) as well as in rams of different ages (Young et al. 2006). 
A recent Australian study (Salvatore et al. 2007) found that lower 
amounts of MOA were present in older animals (22 months) compared to 
8 month old lambs which contrasts to the result found in this study and 
the commonly accepted view that BCFA concentrations increase with age.  
Salvatore et al. (2007) reported that the median MOA concentrations at 8 
and 22 months were 0.084 and 0.041 mg kg-1 respectively; whereas we 
found that the median MOA concentrations for lamb and mutton were 
0.10 and 0.15 mg kg-1. The difference reported by Salvatore et al. (2007) 
was believed to be related to confounding of slaughter date and diet.  
If we assume that the animals in this present work are similar in 
an age to those sampled by Salvatore et al. (2007) then this explanation 
seems feasible and not likely to be related to the measurement technique 
which is the same for this and the earlier study. The earlier study used 
animals derived from an experimentally designed flock where animal 
management had been controlled (Hopkins et al. 2007). There was some 
variation in the diet of these animals where the older animals received a 
higher ratio of legume silage to total concentrate which might have 
affected BCFA production in the rumen (Salvatore et al. 2007).  
This is the first time that a large scale survey (> 500 samples) of 
BCFA content in the fat of sheep of different breed and finishing diet 
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available at abattoirs has been performed in Australia and, possibly, 
elsewhere. In the past, previous workers have restricted their studies to 
single animals (Wong et al., 1975a; Ha & Lindsay, 1990; Brennand & 
Lindsay, 1992) or experimental cohorts with lower sample numbers of 
fixed breed and diet (Johnson et al. 1977; Salvatore et al. 2007; 
Sutherland & Ames 1995; Sutherland & Ames 1996; Young et al. 1997; 
Young et al. 2003; Young et al. 2006). This work was an extension of the 
study reported by Salvatore et al. (2007) who reported on the factors that 
influenced the BCFA levels measured in an experimental cohort of animals 
of known breed and pre-slaughter nutrition (Hopkins et al. 2007). It was 
anticipated that, by examining a wider range of breeds and finishing diet, 
this would provide more definitive information on the BCFA concentrations 
that were found in a representative cross-section of the Australian meat 
sheep flock. 
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Figure 4.2 Schematic plots of individual animal readings of MOA, 
EOA and MNA for the different age groups (lamb (< 1 yr), hogget 
(between 1 and 2 yr), and mutton (> 2 yr)).  
The box spans the interquartile range of the values, so that the 
middle 50% of the data lie within the box, with the line indicating the 
median. The perpendicular lines extend to the most extreme data values 
within the inner ’fences’, which are at a distance of 1.5 times the 
interquartile range beyond the quartiles, or the maximum value if that is 
smaller.  
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4.3.2 Factors Affecting BCFA Concentrations 
Statistical analysis, with restricted maximum likelihood (REML) 
models, was used to determine how the factors gender, breed and pre-
slaughter nutrition influence the measured BCFA concentration. The first 
model related the variate, log10(MOA+0.05) to breed, gender and 
slaughter age of sheep but, after adjustment for abattoir and day of 
slaughter as random effects, no statistical significance was found for this 
model (P = 0.885, Table 4.2). This was also the case for MNA where the 
variate log10 (MNA + 0.0003) was related to the same factors. Yet, for 
EOA, a relationship between the variate, log10 (EOA + 0.075), and the 
factors was found to exist (P = 0.024) with the EOA concentration 
increasing with age. This is readily seen in Figure 4.3 which shows a plot 
of the transformed means as a function of slaughter age. A notable 
difference existed between the mean for lamb and mutton with hogget 
overlapping both groups. For EOA, an interaction between gender and age 
was observed with higher levels present in older females compared to the 
other age groups (Figure 4.4). This trend was not apparent in males 
across the age groups (Figure 4.4). This contrasts other work where 
higher BCFA levels are generally associated with male animals compared 
to female (Young & Braggins 1999). 
A wide range of finishing diets was observed for the data set 
(Table 4.1) and, where appropriate, the pre-slaughter nutrition was 
grouped into simpler categories. The introduction of pre-slaughter 
nutrition as a random term to the model had a significant effect for each 
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BCFA; the P values for MOA, EOA and MNA were respectively 0.009, 0.008 
and 0.056 (Table 4.2). For MOA and EOA, hogget had the highest value 
with mutton as an intermediate and lamb having the lowest concentration. 
For MNA, hogget also had the highest mean concentration but no 
statistical difference was present between lamb and mutton. It is unclear 
why, after adjustment for on-farm nutrition, hogget had the highest levels 
of MOA and EOA, as this is a contrast to the work of Young et al. (2006). 
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Figure 4.3 Predicted mean concentrations (mg kg-1, back-
transformed from log variate, ± least significant interval) for EOA 
against sheep age with no adjustment for nutrition in the model (P 
= 0.024).  
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Figure 4.4 Plot of predicted mean concentrations (mg kg-1, back-
transformed from log variate, ± least significant interval) for EOA 
against sheep age (lamb, hogget and mutton) and gender (ewe, 
wether) with no adjustment for nutrition in the model.  
Significance of fixed terms in final model – Gender, P = 0.848 Age P = 
0.011 Gender.Age P = 0.004 with model as Gender.Age 
These results indicate that an animal’s finishing diet prior to 
slaughter significantly impacts on the BCFA levels found in sheep fat. This 
has also been observed by other workers (Enser et al. 2000; Johnson et 
al. 1977; Wong et al. 1975; Young et al. 1997; Young et al. 2003) who 
reported that elevated BCFA concentrations were associated with animals 
fed with either grain or concentrate compared to pasture-fed animals prior 
to slaughter. The effect of diet on the BCFA levels has been suggested to 
be due to the increased propionate formation in the rumen resulting from 
the high soluble carbohydrate content in the grain and concentrate 
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feedstock (Young et al. 1997; Young et al. 2003). This result also implies 
that diet may impact on the eating quality of the cooked meat from 
animals finished on diets based on either grain or concentrate. This, of 
course, is speculative and would need further work to substantiate this. 
However if it is true then this could have some useful implications for 
abattoirs which process animals from the local geographic region as, in 
the cases where information is available on the animals’ finishing diet and 
the BCFA content, it would be possible to predict the eating quality of 
product resulting from these animals. With some markets, there are 
consumers who have a low acceptance of the cooked meat which comes 
from older sheep due to the mutton odour (Young & Braggins 1999), since 
BCFAs are responsible for this aroma, knowledge of pre-slaughter 
nutrition could be used to predict the quality of cooked meat available in 
that market place. 
Given that pre-slaughter nutrition plays a significant role with the 
BCFA content of sheep fat, an exploratory assessment was made to 
determine the effects of each nutrition category on the estimated mean 
BCFA concentration associated with each group (Table 4.3). Since 
nutrition was included as a random term in the statistical analysis, it was 
only possible for us to provide these values as estimates. BCFA levels 
were found to be higher in the subcutaneous fat of sheep grazing ‘native 
pasture’, ‘saltbush’ and ‘lucerne mixed’ compared to the other categories. 
Lucerne has been reported to increase the concentration of MOA in fat 
from animals finished on lucerne compared to ryegrass (Young & Braggins 
1999) which would explain why there would be elevated BCFA levels found 
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with the ‘lucerne mixed’ category. It would also be reasonable to expect 
that higher levels would also be found with ‘lucerne’ but this was not the 
case. As noted above, the use of grain would also be expected to increase 
BCFA levels but this was not observed in this provisional analysis. Young 
and Braggins (1999) note that grain cereals differ in their propensity to 
generate BCFAs, which might help to explain the results of this study. It is 
also interesting to note the higher levels found with the ‘native pasture’ 
and ‘saltbush’ categories. This would imply that, given the relationship 
between BCFAs and mutton odour, this would impact on the associated 
aroma and flavour of the cooked meat from these animals to be more 
mutton-like, assuming the quality of the native pasture is similar to 
saltbush. While an aroma has been detected in the cooked meat taken 
from lambs grazed on saltbush, its presence did not impact on flavour of7 
the cooked meat (Hopkins and Nicholson 1999); a result which has been 
confirmed by other authors (Pearce et al 2003; Pearce et al. 2008a; 
Pearce et al. 2008). It should also be noted that there have been no 
previous reports of the BCFA levels in sheep fat taken from animals that 
have been fed on either native pasture or saltbush. 
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Table 4.2 Predicted mean concentrations (mg kg-1, back 
transformed from log variate) for three BCFAs for lamb (< 1 yr), 
hogget (> 1 yr and < 2 yr) and mutton (> 2 yr) with the inclusion 
(nutrition) and exclusion of nutrition (no nutrition) as a random 
term in the statistical analysis. 
Effect BCFA Lambd Hogget Mutton P-value 
  MOA 0.131 + 0.014 0.139 + 0.020 0.133 + 0.015 0.884 
No nutrition EOA 0.060 + 0.005a 0.071 + 0.007ab 0.076 + 0.007b 0.024 
  MNA 0.011 + 0.002 0.011 + 0.003 0.008 + 0.002 0.195 
  MOA 0.107 + 0.018a 0.197 + 0.053b 0.147 + 0.024b 0.009 
Nutrition EOA 0.054 + 0.009a 0.090 + 0.016b 0.076 + 0.014b 0.008 
  MNA 0.008 + 0.002a 0.020 + 0.013b 0.008 + 0.003a 0.056 
abcDifferent letters within a row denote a significant difference 
dMean + least significant interval 
Table 4.3 Estimated BCFA concentrations (mg kg-1) for pre-
slaughter nutrition category (grain, lucerne, lucerne mixed, native 
pasture, pasture, pasture plus supplement and saltbush). (No 
measure of variation can be given as nutrition was treated as a 
random effect). 
Pre-slaughter 
nutrition 
MOAa EOA MNA 
Grain 0.140 0.063 0.011 
Lucerne 0.143 0.083 0.007 
Lucerne mixed 0.221 -b 0.003 
Native 0.279 0.123 0.019 
Pasture 0.131 0.073 0.009 
Pasture supplement 0.151 0.066 0.013 
Saltbush 0.206 0.125 0.017 
aMOA (P = 0.001), EOA (P = 0.005), MNA (P = 0.252) bnot 
estimated 
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It can be seen that the results of this study contrast, at times, to 
the results and views reported by other workers. Young and Braggins 
(1999) noted that relatively little work had been done establishing the 
relationship between diet and sheepmeat odour/flavour. This suggests 
that further work is required to elucidate what seems to be, a complex 
relationship between diet and sheepmeat flavour. One possible means of 
understanding this relationship would be to perform a study similar to this 
one using sheep with more regulated finishing diets. For this present work 
though, our aim was to survey animals available at abattoirs which 
procure sheep from a variety of different farms and diverse feeding 
regimes, thus making regulation of the animal’s final feeding diet difficult 
for this study. 
On their own, BCFA levels measured in ovine fat are not sufficient 
for classifying sheep category. Pre-slaughter nutrition is a significant 
factor in the development of a statistical model that relates BCFA 
concentrations to whether an animal is lamb, hogget or mutton. It would 
be difficult to use this technique to classify sheepmeat samples, say, at 
retail as it would be challenging to obtain the details on an animal’s 
finishing diet at this stage of the supply chain. Other strategies, e.g. 
fingerprint profiling (Ryan & Robards 2006), exist which, combined with 
modern statistical techniques (Hastie et al. 2009), can be applied to the 
measured total ion chromatograms (TICs) resulting from the separation 
and measurement of all compounds  by GC-MS. This approach is 
discussed in the next Chapter. 
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4.4 Conclusion 
The chemical analysis of the BCFAs, EOA, MOA and MNA, in ovine 
fat sample taken from a carcase was not sufficient to discriminate lamb 
from hogget or mutton. Provided that pre-slaughter nutrition was known, 
the concentrations of MOA and EOA (but not MNA) could be used to 
differentiate sheep category (lamb from hogget and mutton). Practically, 
it would be unlikely that this technique could be used for sheep 
classification as the ability to access information on pre-slaughter nutrition 
becomes reduced as meat travels through the supply chain. 
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CHAPTER 5: SHEEP CATEGORY CAN BE CLASSIFIED USING 
MACHINE LEARNING TECHNIQUES APPLIED TO FATTY ACID 
PROFILES DERIVATISED AS TRIMETHYLSILYL ESTERS2 
5.1 Introduction 
The Australian sheep meat industry uses the development and 
eruption of teeth (i.e. dentition) as a proxy for age in classifying carcasses 
and assigning them to quality groups. Lamb is defined as having no 
erupted permanent incisors, hogget as having 1 erupted incisor and 
mutton defined as greater than 2 erupted incisors (Pethick et al. 2005). 
Use of dentition is also an accepted practice in Canada (Jeremiah 1998) 
and Africa (Wilson and Durkin 1984), and assumes that the appearance of 
teeth occurs at approximately a similar age for all animals. However, 
recent work suggests that this criterion may not be entirely reliable. A 
wide range has been observed in the appearance of the permanent incisor 
from 369 to 483 days, for instance, in a flock of research sheep (Hopkins 
et al. 2007). At present, no objective method is available which can be 
used for determining sheep age. Classification of a carcass is done at an 
abattoir prior to the disposal of an animal’s head. The availability of an 
objective method for sheep classification would mean that testing of meat 
product could be performed at any stage of the supply chain post abattoir, 
and thus assist in identifying any misclassified meat product. 
                                      
2 Published in Animal Production Science (2010), 50, 782-791 
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BCFAs are the compounds responsible for mutton odour, a 
characteristic aroma associated with the cooked meat of older animals 
(Brennand and Lindsay 1991; Brennand and Lindsay 1992; Rousset-Akrim 
et al. 1997; Young et al. 1997; Young et al. 2006), and which increase as 
the animal grows older (Salvatore et al. 2007; Watkins et al. 2010). In 
other work (Watkins et al. 2010), we found that the BCFA levels in sheep 
fat, taken from 533 carcasses, were significantly correlated with pre-
slaughter nutrition, and thus were a significant factor in classifying an 
animal as lamb, hogget or mutton  (Watkins et al. 2010). However, this 
approach is not suitable as an objective method since access to details on 
pre-slaughter nutrition become more difficult as meat product moves 
down the supply chain (Watkins et al. 2010). 
Of late, statistical classification techniques have become very 
popular in bioinformatics (e.g. Gentleman et al. 2004; Gentleman et al. 
2005; Hahne et al. 2008; Hastie et al. 2009; Saeys et al. 2007) and 
chemometrics (e.g. Armstrong and Hibbert 2009; Geladi 2003; Hastie et 
al. 2009; Hibbert and Armstrong 2009; Kryger 1981; Mutihac and Mutihac 
2008). Particularly suitable for data mining (Hastie et al. 2009; Mutihac 
and Mutihac 2008), these techniques (also known as machine learning) 
utilise computational algorithms to predict an outcome measurement 
based on a set of features associated with a dataset (Hastie et al. 2009; 
Mutihac and Mutihac 2008). For a supervised learning problem, a typical 
process would be to develop a prediction model from a training set of 
known outcomes and feature measurements, and apply the model to a 
test set in order to determine the model’s classification accuracy (Hastie 
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et al. 2009). While these algorithms have been used in meat science (e.g. 
for classifying meat quality using near infrared reflectance spectroscopy 
(Prieto et al. 2009), assessing lamb meat quality (Cortez et al. 2006), and 
classifying lamb carcasses using computer imagery (Chandraratne et al. 
2007)), so far there have been no reports on the application of these 
techniques for predicting sheep age or category.  
Using chromatograms as ‘fingerprints’ of samples, chemometric 
techniques (such as multivariate statistics (van Mispelaar et al. 2005) and 
pattern recognition methods (Lavine et al. 1988)), can be used to identify 
and highlight relevant information within the analytical data, and any 
patterns which may be present (van Nederkassel et al. 2006). However, 
this approach requires that all the data files are uniform and that the 
chromatograms are aligned with each other. Otherwise there is a risk that 
the techniques may not recognise signals at a time point (Zheng et al. 
2009) or artefacts could be introduced into the data analysis. As part of 
pre-processing the data, it may be necessary to align the chromatographic 
peaks to remove any variation in retention time which may occur between 
runs (Chae et al. 2008; Clifford et al. 2009; Krebs, Tingley et al. 2006; 
Robinson et al. 2007; van Nederkassel et al. 2006; Zheng et al. 2009). 
There are a large number of statistical classification techniques 
that are available for data mining (Hastie et al. 2009; Mutihac and 
Mutihac 2008), including support vector machines (SVMs), random forests 
(RF), and recursive partitioning (RP). Of these, SVM is a supervised 
learning algorithm, based on statistical learning theory (Cortes and Vapnik 
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1995), which can be used for both regression and classification. For 
classification, the aim of the SVM is to construct an ‘optimal’ hyperplane 
which separates two different classes (Hastie et al. 2009). When the 
classes are linearly separated, the hyperplane will exactly separate the 
two groups and be the ‘middle point’ of the sets (Cortes and Vapnik 
1995). The vectors that lie closest to the hyperplane are the ‘support 
vectors’. While SVMs were originally devised for solving two-class 
problems (Mutihac and Mutihac 2008), they can be extended for the 
multiclass case (Venables and Ripley 2002). Where classes are separated 
by a non-linear boundary, a kernel method can be used to determine the 
boundary where the vector space, containing the dataset, is transformed 
to a higher dimensional space allowing the classes to be linearly separated 
(Donald et al. 2006). SVMs are becoming an important tool for use with 
data mining in chemometrics (Donald et al. 2006; Mutihac and Mutihac 
2008). 
RP, also known as classification and regression trees (CART) 
(Capron et al. 2007), is an implementation of tree-based methods. This 
technique partitions a dataset into a binary tree by splitting the data into 
subsets, called nodes (Rousseau et al. 2008), with each resulting subset 
become more homogenous with respect to the classes than the initial set. 
The splitting process begins by splitting the root node, which contains all 
the samples, into two. This process is continued with each child node (and 
the resulting descending nodes) until terminal nodes are obtained. A node 
is deemed to be a terminal node when the samples in the node are 
considered to be sufficiently homogenous; i.e. all samples in the node 
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belong to the same class (Rousseau et al. 2008). CART is a popular 
classification algorithm (Mutihac and Mutihac 2008) which has been used 
in food analysis (Berrueta et al. 2007) and metabonomics (Rousseau et al. 
2008).  
For classification, the RF algorithm uses a collection of many 
classification trees, each built on a unique bootstrapped sample of the 
data (Breiman 2001; Tian et al. 2009). Bootstrapping allows a sample to 
be taken with replacement from the set (Venables and Ripley 2002), and 
a random forest classification tree is grown to the largest extent for each 
sample. This process is repeated, generating different trees for each 
sample and results in an ensemble of trees. Each tree’s classification is 
used to form the average for the ensemble, which is then taken as the 
classification of the ensemble (Breiman 2001; Hastie et al. 2009). RF is a 
relatively new statistical technique but is steadily gaining application in 
chemometrics (Frank and Lanteri 1989; Granitto et al. 2006; Xia et al. 
2009).  
Herein, the application of support vector machines (SVMs), 
random forests (RF), and recursive partitioning (RP) is described for 
classifying sheep category. SVMs can be regarded as an mature 
classification technique in chemometrics (Mutihac and Mutihac 2008) while 
RF is beginning to gain acceptance (Frank and Lanteri 1989; Granitto et 
al. 2006; Xia et al. 2009) and, as far as these authors are aware, little has 
been published on the use of recursive partitioning for classification. Since 
this approach has not been previously reported for predicting sheep 
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category, we separately assessed the suitability of each algorithm as 
classifiers prior to a comparative evaluation on performance of the 
algorithms.  
5.2 Materials And Methods 
5.2.1 Sample Preparation 
Full details on sample collection, preparation and analysis are 
given in Chapters 3 and 4. The compounds, with the FAs derivatised as 
trimethylsilyl (TMS) esters, were separated using a Varian 3400 gas 
chromatograph and detected using a Varian Saturn 2000 ion trap mass 
spectrometer operating in full scan mode.  The total ion chromatograms 
(TICs) of the esters, and other purged compounds, were exported from 
the Star Workstation software as files representing total abundance versus 
time in the comma separated value (CSV) format. The data were imported 
into R (R Development Team 2008) and stacked as a matrix containing 
the measured TICs for 254 lamb, 131 hogget and 148 mutton samples in 
order of acquisition for each category type. The resulting matrix consists 
of 533 rows, representing each sample, and 2749 columns, representing 
the time point of the TIC, with each cell containing the measured ion 
abundance. 
5.2.2 Chromatogram Alignment 
The retention times for some peaks in the TICs had drifted over 
the acquisition period (over 3 yr) meaning that the chromatograms 
needed to be aligned. This was performed using variable penalty dynamic 
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time warping (Clifford et al. 2009). After removing the background, 
estimated using asymmetric least squares (Eilers 2004; Gerretzen 2008), 
the alignment process was completed in several steps. The first step was 
to define the penalty (which would be used for the alignment) and the 
master signal to which all TICs would be aligned. The procedure used for 
deciding the penalty is outlined in Clifford et al. (2009); essentially, the 
position of peaks are adjusted to the master signal, with the size of the 
penalty proportional to peak intensity. For the master signal, the following 
approach was taken. The signals were reordered according to the position 
of the abundant peak in the 1430 to 1570 time region. This peak was 
identified as the TMS ester of octadecenoic (oleic, C18:1) acid by the 
mass spectra. Next, the middle fifty one signals were selected and the 
median intensity was computed at each time point. This was then used as 
the master signal.  The level of drift across all TICs was sufficiently large 
enough that if the median intensity of all signals had been taken at each 
time point then the resulting master signal would have had peaks 
noticeably wider than the peaks in the original data.  
5.2.3 Data Pre-Treatments 
After alignment, four different pre-treatment steps were applied to 
the data. These were (a) no transformation (i.e. original data), (b) no 
transformation with column mean centering, (c) range transformation and 
(d) range transformation with column mean centering. For range 
transformation, each TIC was scaled in the range of 0 to 100, using  
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*
jx  = 
min,max,
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−
−
 X 100 
where *jx is the scaled data for each row j, xj is the original 
measured TIC response, xj,min and xj,max are the minimum and maximum 
values of the TIC.  
For mean centering, each column entry ( *ikx ) was centered by 
subtracting the column mean (x¯k) from each entry (xik) according to: 
*
ikx  = xik – x¯k 
where i and k are the row and column indices, respectively. Mean 
centering transforms the columns into deviations from the average and 
removes any constant background from the data without changing the 
relative variation in the variables. 
Each dataset, formed after pre-treatment, was analysed in R (R 
Development Team 2008) using SVMs, RF and RP. The implementations of 
these algorithms can be found in the “e1071” (Dimitriadou et al. 2006), 
“randomForests” (Liaw and Wiener 2002) and “rpart” (Therneau and 
Atkinson 2007) packages available at http://cran.r-project.org. Each 
algorithm was used ‘as is’ with the default settings provided in each 
software package. For SVMs, the efficacy of four kernel functions (linear, 
polynomial, radial and sigmoid (Hastie et al. 2009)) were also evaluated. 
This study was in two parts; in the first part, a separate evaluation was 
made of each algorithm to classify each dataset while, in the second part, 
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a comparative evaluation was made where the same training and test set 
were used with each algorithm. 
5.2.4 Graphical Summary Of Multi-Classifier Performance 
Receiver operating curve (ROC) analysis of multi-classifier 
performance can be summarised visually using a cobweb representation 
(Diri and Albayrak 2008). Given that this approach has only been recently 
reported, a description is provided here on how this was done for this 
study. Ten-fold cross validation was used to test the performance of the 
algorithms. Using SVMs as an example (for a single iteration), a confusion 
matrix (Table 5.1) was produced that had the number of correctly 
classified and misclassified samples for the predictive model. The columns 
in Table 5.1 show the known sheep category while the rows indicate the 
predicted category. In this case, 28 (of 31) lamb samples were correctly 
classified while 3 were misclassified as hogget but none were misclassified 
as mutton. Similar trends were found for hogget and mutton. Thereafter, 
a class confusion ratio matrix (Table 5.2) was formed by expressing each 
column entry as a proportion of the column total. A tally was made of 
each respective matrix entry after cross-validation and the average value 
was determined. To form a cobweb representation, the misclassification 
values were chosen from the average confusion ratio matrix. Each corner 
of the hexagon (Figure 5.5) represents the normalised misclassification 
value obtained from the off-diagonal of the averaged confusion ratio 
matrix. In this study, there were three classes (lamb, hogget and mutton) 
and the following points (lamb → hogget, lamb → mutton, hogget → lamb, 
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hogget → mutton, mutton → lamb, mutton → hogget) represent the 
misclassification events with the values taken from the confusion ratio 
matrix (Table 5.2), and plotted as cobweb representations using “radar”-
plots in Microsoft Excel.  
Table 5.1 A class confusion matrix for classification of sub-sample 
(ca 10%) of the data using support vector machines as a classifier  
Actual 
Predicted 
Lamb Hogget Mutton 
Lamb 28 1 1 
Hogget 3 9 0 
Mutton 0 3 8 
Total 31 13 9 
Table 5.2 A class confusion ratio matrix for classification of sub-
sample (ca 10%) of the data using support vector machines as a 
classifier  
Actual 
Predicted 
Lamb Hogget Mutton 
Lamb 0.90 0.08 0.11 
Hogget 0.10 0.69 0.00 
Mutton 0.00 0.23 0.89 
5.3 Results And Discussion 
5.3.1 Alignment Of Chromatograms 
The original survey was performed over a three year period in 
batches so it was not surprising to find that, for each category, significant 
shifts in retention time had occurred for the compounds in the measured 
profiles (Figure 5.1, top panel). Such variation can occur due to column 
aging, instabilities in the carrier gas flow rate and variation in the gradient 
used for temperature programming (Chae et al. 2008; van Nederkassel et 
al. 2006). With the trend toward using complete chromatographic profiles 
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as ‘fingerprints’ for complex biological samples (Lavine et al. 1988; van 
Nederkassel et al. 2006), misalignment of the chromatograms can 
introduce artificial features which, in turn, can cause problems for any 
subsequent data analysis using multivariate statistics and pattern 
recognition techniques which directly compare uniform data files (Krebs et 
al. 2006). Consequently, it is important that the peak shifts shown in the 
top panel of Figure 5.1 were corrected for, so that comparisons between 
the profiles are the same. Variable penalty dynamic time warping (DTW) 
(Clifford et al. 2009) was used for peak alignment of the data entire set 
(Figure 5.1, bottom panel). Almost all of the peaks in the data set were 
aligned except for the last eluting compound (yellow vertical line in 
bottom panel) where some small variations were present. The mass 
spectrum showed that this compound was the TMS ester of cholesterol. 
Cholesterol, a natural component of ovine fat (Nelson 1967a; Nelson 
1967b), was not expected to be significantly involved with differentiating 
sheep category. Attempts were made to align this peak but this was not 
successful for the small number of chromatograms. There is a risk that 
this could introduce an artificial feature for the data analysis but, 
mitigating against this, was the small number of affected chromatograms. 
 For this work, the master signal was the median of the middle 
fifty one signals. Of course, other approaches to assigning the master 
signal were also possible. For example, the point-wise mean could have 
been used but this would not be as robust to outliers as the median, and 
the median also has the advantage of being scale independent (i.e. the 
result does not depend on whether the computation is carried out on the 
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original or log intensity scale). Another option would have been to take a 
specific (or a randomly chosen) TIC and use that as the master to which 
all other signals are aligned.  
 
Figure 5.1 Coloured scale representation of the results of aligning 
the chromatograms, based on alignment using variable penalty 
dynamic type warning.  
Intensity is proportional to the logarithm of the measured 
abundance. Top panel: before alignment. Bottom panel: after alignment.  
5.3.2 Support Vector Machines 
Support vector machines (SVMs) were used to classify the sheep 
category of the samples for the four datasets. Normally, SVMs are applied 
to two-class problems but can be extended to higher class problems 
(Venables and Ripley 2002). This is done building classifiers based on 
each pair of classes, and allowing a majority vote amongst the resulting 
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classifiers to determine the predicted class (Venables and Ripley 2002). 
SVMs were generated to evaluate the effect of pre-treatment and kernel 
function on the predictive accuracy for each model (Table 5.3).  
Table 5.3 The classification accuracy (as proportions) of support 
vector machines using four data pre-treatments and four kernel 
functions after 10-fold cross-validation. 
Data pretreatmentA 
A B C D kernel 
No.B Mean No. Mean No. Mean No. Mean 
linear 245 0.86 248 1.00 255 0.81 239 1.00 
polynomial 437 0.54 380 0.99 465 0.49 478 0.68 
radial 424 0.75 333 0.99 437 0.65 357 0.99 
sigmoid 404 0.42 139 0.94 432 0.46 185 0.97 
AA - no transformation on data, B - no transformation with column 
mean centering, C - range transformation of data, D - range 
transformation with column mean centering. BNo. = number of support 
vectors.  
Ten-fold cross-validation was the simplest approach to investigate 
the effect of data pre-treatment and basis function on the accuracy of the 
predictive SVM model. For the original dataset, the highest accuracy for 
the predictive model was found with the linear basis function (ca 86%, 
Table 5.3) followed by, in order of accuracy, radial, polynomial and 
sigmoid functions. The linear basis function also required the least number 
of support vectors (245) compared to the other functions. The use of 
column mean centering as a means of data pre-treatment had the most 
significant impact on the accuracy found with the linear kernel function, 
improving it to 100%. The improvement to the SVM model’s predictive 
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capacity using the mean centered data with other functions was also 
substantial, such that accuracies for these models were close to 100%. In 
addition, while no change in support vectors was observed with the linear 
kernel function, there was a drop (ca 65%) in the number required for the 
sigmoid kernel function. Range transformation of the TICs did not 
significantly improve the predictive capacity for each SVM, but column 
mean centering of the range transformed data gave extremely good 
predictive models (except for the polynomial case). Also, mean centering 
significantly reduced the number of support vectors needed for the SVM 
using the sigmoid kernel (from 432 to 185). Thus, as a data pre-
treatment step, column mean centering had the most significant impact 
for the predictive capacities for the SVMs (to greater than 94%, 
irrespective of choice of kernel function). Column mean centering is a 
common practice in chemometrics (Adams 1995) and causes the origin to 
become the centroid of the dataset (Craig et al. 2006). This generally 
results in the development of a parsimonious model, particularly for multi-
variate analysis, which could explain the success of the predictive models 
in this study. SVMs based on a sigmoid kernel function were the most 
efficient models as this required the least number of support vectors and 
the associated accuracy was approximately 95%. The use of a linear 
kernel function resulted in a SVM model with 100% predictive capability 
that was less efficient than the sigmoid function. 
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5.3.3 Recursive Partitioning  
Recursive partitioning (RP) was applied to each dataset to test its 
efficacy to act as a classifier for predicting sheep category. Figure 5.2 
shows the final classification trees obtained from the analysis of (a) the 
original data, after column mean centering, and (b) the range transformed 
data after column mean centering. These trees were derived from models 
which had a larger number of nodes. The first model generated trees for 
the mean centered and range transformed data which had 7 and 5 nodes, 
respectively; i.e. the initial trees were too elaborate and risked over fitting 
the data (Venables and Ripley 2002), so they were ‘pruned ‘ to minimise 
the model and the associated error in an analogous way to removing 
variables in regression (Venables and Ripley 2002) resulting in the trees 
shown in Figure 5.2. The trees were ‘pruned’ according to a calculated 
‘complexity parameter’ which seeked to minimise the cross-validation 
error of each model.   
The numbers shown at each node of each tree indicates the 
number of each category that reached that node. For example, at node 4 
(in Figure 5.2(a)), there are respectively 14 hogget, 0 lamb and 7 mutton 
samples which have reached the node. Node 5 contains nearly all of the 
lamb samples (248 of 254) while node 6 contains most hogget samples 
(112 of 131) and node 7 has almost all mutton samples (136 of 148). 
Based on this data, the model has a classification rate for lamb, hogget 
and mutton of ca 98, 85 and 92%, respectively. For the mean centered, 
range transformed data (Figure 5.2(b)), the classification rate for lamb, 
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hogget and mutton were ca 97, 80 and 97% respectively. RP aims to 
create a decision tree which classifies the sample population based on 
variable selection (Donald et al. 2006), assuming that the endpoint of the 
tree will be a partition of the dataset that correctly classifies all samples. 
The tree shown in Figure 5.2(b) almost satisfies this condition as nearly all 
samples for the lamb and hogget are correctly classified. Misclassification 
of mutton is higher though with this tree compared to that shown in 
Figure 5.2(a). 
As mentioned above, RP was also applied to the raw and range 
transformed data (results not shown). The resulting models were more 
complicated than the models described above and so no further study was 
made of these models. As for SVMs, column mean centering significantly 
impacted on the application of RP for classification of the data set using 
the untreated and range transformed data, producing trees that could be 
used with accuracy greater than 90%. Again, it is most likely that it is the 
removal of the background by mean centering that improves the accuracy 
with these models. 
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Figure 5.2 Classification trees obtained from recursive partitioning of the complete dataset using (a) no 
transformation with column mean centering and (b) range transformed data with column mean centering. The 
numbers in red indicate node numbers, which are discussed in the text. Note: L = lamb, H = hoggett, M = 
mutton 
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5.3.4 Random Forests 
The four datasets were analysed by the random forest (RF) 
algorithm to assess its ability to classify sheep category. As for SVMs and 
RP, the models developed with the mean centered data had the highest 
predictive accuracy. In the case of mean centered raw data, the model 
predicted each sheep category with 100% accuracy while, with the mean 
centered range transformed data, there was only one instance of 
misclassification (lamb as mutton) with all samples of hogget and mutton 
successfully predicted. Figure 5.3 shows the multidimensional scaling 
representation of the proximity measures for each RF classifiers resulting 
from each model. The proximity measure of an RF model can be used to 
identify how each sample is ‘similar’ to each other. It can be seen that 
mean centering produces RF models where the samples, according to their 
category, are well separated from each other. For the other two data sets, 
the classification error for hogget, lamb and mutton for original data was 
19, 4 and 22%, respectively, while, for the range transformed data, the 
error was 22, 7, and 24%, respectively. 
Classification Of Sheep Category Using Chemical Analysis And 
Statistical Classification Algorithms 
 
 
 
 
134 
 
Figure 5.3 Multidimensional scaling representations for the 
proximity measures of random forest classification models 
generated using (a) no transformation on data, (b) no 
transformation with column mean centering, (c) range 
transformation of data and (d) range transformation with column 
mean centering. The dots in blue represent lamb, red represent 
hogget and green represent mutton. 
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In data mining applications, such as those described here, it is 
rare that all of the predictor variables contribute significantly to the 
predictive model resulting from application of the algorithms (Hastie et al. 
2009). This means that not all the variables (in this case, the time points 
of the elution profile) are needed to develop successful classifiers for 
identifying sheep category. The RF algorithm provides a measure of the 
importance of each variable to the classification (Liaw and Wiener 2002) 
which, in this application, could identify any discriminatory regions in the 
TIC responsible for the classifier (Barrett and Cairns 2008). These regions 
would also include any measured peaks, if present, in the TIC that could 
be identified and be possibly used for discriminating sheep category. For 
the raw and the range transformed data, there were common regions in 
the elution index between the two data sets. These occurred at time 
points 922 and 1140 in the TICs where there were also peaks (Figure 
5.4). The peak at time point 922 was characterised as the trimethylsilyl 
ester of decanoic acid (C10:0 FA) and the peak at time point 1140 was 
identified as phytol (3, 7, 11, 15-tetramethyl-2-hexadecen-1-ol). The 
peaks were identified from the mass spectra by comparison to reference 
spectra in the NIST mass spectral library (National Institute of Science 
and Technology 2005). Decanoic acid is a component of mutton fat 
(Hansen and Cooke 1953) and phytol is a degradation product of 
chlorophyll, resulting from the ingestion of pasture (Dawson and 
Hemington 1974). Decanoic acid has been reported to increase with a 
lamb’s age but has not been regarded as statistically significant 
(Sutherland and Ames 1996). More interestingly, it is likely that these 
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compounds are representative of the sheep’s pre-slaughter feeding 
regimes as higher amounts of these and other compounds have been 
reported in the fat of pasture fed steers compared to that from grain fed 
animals (Melton 1990). For the both mean centered data sets, there were 
also some time points that were common in each model. Unlike the 
models obtained using the raw and range transformed data, it was not 
possible to relate these time points to any peaks in the original TICs (see 
Figure 5.4). The time points were 406, 504, 602, 867, 1012, 1043, 1063, 
and 1796. When mean centering is applied to a multivariate data set, it 
aims to move the set to the data center and can result in a transformed 
data set which may not be comparable with the original data. This was the 
case in this study as can be seen in Figure 5.4. It is also interesting to 
note that there was a common time point (1063) for the RF classifiers and 
the models generated using RP. While each classification method is 
different, it is possible that the software uses the same criterion in 
selecting the same decision point thus generating this common point. 
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Figure 5.4 A plot of the mean ion abundance of 533 
chromatograms (with no data pre-treatment) against the elution 
index.  
The dots in ( ) indicate the common time points found for the 
random forest classifiers using the raw and range transformed data, blue 
( ) indicates some common points for random forest classifiers for the 
mean centered data while darkred ( ) indicates the first decision point for 
recursive partitioning using the mean centered data. 
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5.3.5 Comparing The Three Algorithms 
The performance of the three algorithms was evaluated by 10-fold 
cross validation and treating each algorithm as a ‘black box’, using the 
same test and training set for each iteration. Not unexpectedly, the mean 
centered data provided the best predictive accuracy (Table 5.4), and RF 
was the best performing algorithm (close to 100% accuracy). For RP, the 
trees were not pruned in this evaluation, which would impact on the 
accuracy values found for these models. Kappa indices (shown in Table 
5.4) account for any chance agreement occurring in the calculation and, 
when greater than 0.7, indicates that the classifier can be regarded as 
reliable (Fawcett 2006). Again, the RF algorithm was the best performer 
and RP the worst in classifying sheep category. Without mean centering, a 
lower accuracy for predicting sheep category was found with each 
algorithm but the RF classifier was the best performer of the three 
algorithms (Table 5.4). We also tested the effect of the size of training set 
on predictive accuracy for each algorithm by changing the proportions for 
each set; i.e. using approximately 10% of the dataset as a training set 
with the remainder as the test set. This was done to test the effect that 
the training set size had on the accuracy of each algorithm. The RF 
classifier, when applied to the mean centered data, still remained 
reasonably accurate in predicting sheep category (ca 96%) while the 
performance of RP and SVM algorithms had reduced (respectively 75 and 
82%) for the mean centred data. Of course, these machine learning 
algorithms are not the only ones that could be tested for classification of 
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sheep category. It would be interesting to compare the outcomes from 
this study with those resulting from other algorithms (Hastie et al. 2009) 
A receiver operating curve (ROC) was also used to assess the 
performance of the algorithms as classifiers. Normally used for considering 
classification problems of two classes (Sim and Wright 2005), recent work 
has extended their application to three-class classifiers by using cobweb 
representations to analyse a classifier’s performance (Diri and Albayrak 
2008). This approach was also used for this study. Figure 5.5(a) shows 
the mean results for the three algorithms for classifying sheep category 
and confirms the results shown in Table 5.4. RP had the highest 
misclassification rate (e.g. 0.27 for predicting mutton as lamb and 0.25 
for predicting mutton as hogget) while RF had the lowest misclassification 
with SVMs as an intermediate. Not unexpectedly, mean centering of the 
data also improved the classification rate (Figure 5.5(b)). 
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Table 5.4 Performance assessment of support vector machines (SVMs), recursive partitioning (RP) and random 
forests (RF) for predicting sheep category by accuracy (as proportions) and kappa index (for n = 10 iterations). 
Values in parenthesis indicate the range of values (minimum – maximum) 
Data pre-treatment1   
A B C D Method 
Accuracy Kappa Accuracy Kappa Accuracy Kappa Accuracy Kappa 
SVM 0.77  
(0.72 - 0.81) 
0.62  
(0.54 - 0.70) 
1.00  
(0.98 - 1.00) 
1.00  
(0.97 - 1.00) 
0.70  
(0.62 - 0.93) 
0.51  
(0.40 - 0.66) 
0.98  
(0.98 - 1.00) 
0.96  
(0.88 - 1.00) 
RP 0.67  
(0.62 - 0.74) 
0.46  
(0.38 - 0.56) 
0.94  
(0.87 - 1.00) 
0.91  
(0.79 - 1.00) 
0.66  
(0.55 - 0.77) 
0.47  
(0.30 - 0.63) 
0.97  
(0.93 - 0.97) 
0.95  
(0.88 - 1.00) 
RF 0.86  
(0.79 - 0.89) 
0.77  
(0.68 - 0.82) 
1.00  
(1.00 - 1.00) 
1.00  
(1.00 - 1.00) 
0.86  
(0.81 - 0.89) 
0.78  
(0.72 - 0.83) 
0.99  
(0.97 - 1.00) 
0.99 
 (0.97 - 1.00) 
1A - no transformation on data, B - no transformation with column mean centering, C - range transformation of data, 
D - range transformation with column mean centering. 
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(b) 
Figure 5.5 Cobweb representation for misclassification rates 
(actual → predicted) for predicting sheep category using support 
vector machines (SVMs), recursive partitioning (RP) and random 
forests (RFs) with (a) no transformation on data and (b) no 
transformation with column mean centering. Note the scale 
change in the axes for (a) and (b). 
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 The RF classifier was the most successful of the three algorithms 
in distinguishing sheep category. The best performance was found using 
column mean centering as a pre-treatment technique on the data 
obtained from GC-MS measurement of the derivatised free FAs. This 
suggests that the technique has great potential to be used as a screening 
tool for the characterisation of sheep type. The original dataset could be 
used as a reference database for comparison with other samples requiring 
classification. With this approach, fat samples would be extracted and 
analysed by GC-MS, and the resulting chromatogram could be compared 
with the RF model generated from the reference database. The samples 
used in this study were taken from Australian abbatoirs. To substantiate 
its broad application, other fat samples, taken from further down the 
supply chain, would need to be analysed and classified using the RF model 
from the original dataset. If successful, this would validate the application 
of this approach from abbatoir to retail outlet; that is, to the consumer, 
and thus be used as an objective method for sheep classification. 
It should be noted though that the data acquisition for this 
approach represents the rate limiting step, both in terms of time and cost. 
To prepare a sample for analysis using the method described in Watkins 
et al. (2010) requires two steps; preparation and measurement. The first 
step requires greater than 1½ hrs to prepare a sample while the second 
needs around 1 hr to obtain a chromatogram using an experienced 
operator which adds expense to the overall measurement cost. To deploy 
the classification technique as a relatively cheap screening method for 
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sheep category, a much simpler preparative and analysis step would 
needed than those already used (Salvatore et al. 2007; Watkins et al. 
2010). Simpler one-step derivatisation techniques are available that, 
when applied to fat, transform the FAs to the corresponding methyl esters 
(Anonymous). More rapid methods are also available through fast GC, a 
technique that considerably reduces measurement time and has been 
successfully applied to the measurement of FAMEs (Matisová and 
Dömötörová 2003). Thus, a shorter, simpler FAME preparative step when 
coupled with fast GC could result in a rapid technique suitable for the 
measurement of FAs in ovine fat. The measured GC profile could then be 
analysed with the RF classifier to ascertain the predicted sheep category. 
The combination of these techniques would produce a quick and simple 
screening technique for the discrimination of sheep type at a cheaper cost 
than the presently used technique. This, of course, is speculative and 
further work is required to validate this approach.  
5.4 Conclusion 
The random forests algorithm, when applied to the mean centered 
datasets, was able to classify sheep category with 100% predictive 
accuracy. In comparison, support vector machines and recursive 
partitioning did not perform as well in classifying sheep category. While 
this approach shows great promise as the basis of an objective method, 
further work is needed prior to its deployment through the supply chain. 
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CHAPTER 6: EVALUATING FAST GAS CHROMATOGRAPHIC 
TECHNIQUES FOR THE MEASUREMENT OF THREE BCFA’S IN SHEEP 
FAT. 
6.1 Introduction 
For the last 50 years, GC has been the method of choice for FA 
determination as methyl ester derivatives (Eder 1995; Seppänen-Laakso 
et al. 2002).  For GC analysis, sample preparation is relatively 
straightforward where, after extraction of lipid material (e.g. (Bligh and 
Dyer 1959)), base- or acid-transesterification (Christie 1990) can be used 
to prepare the FAs as methyl esters (FAMEs). Base transesterification is 
suitable when the FAs are bound as triacylglycerols while acid 
transesterification is used when the FAs are in the free form. 
Characterisation of a FA profile (as the methyl esters) can be made by 
comparing the measured responses of a target sample with that obtained 
from commercially available standard solutions (Eder 1995). 
Determination of the FA composition of oil and fat samples using FAMEs 
and GC is one of the most frequently performed procedures used in the 
food industry (de Koning et al. 2001) and, while the capillary GC methods 
(as used in official analytical methods) provide effective separations, one 
significant limitation is the time and cost associated with long GC run 
times (Mondello et al. 2003). Where large sample numbers need to be 
analysed, the length of analysis time can restrict the delivery of results to 
an end user which, at times, can be quite critical. One way to overcome 
this is fast GC where considerable reductions in run times can be achieved 
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with shorter column lengths of smaller inner diameter with higher column 
head pressures (Korytár et al. 2002). This approach has been investigated 
with, and effectively used for, FAME measurement of plasma (Bondia-Pons 
et al. 2004; Masood et al. 2005; Bondia-Pons et al. 2007), bacteria (Buyer 
2003) as well as lipid, fats and oils ( Mondello et al. 2000; Mondello et al. 
2004; Mondello et al. 2003; Mondello et al. 2007). Other strategies which 
can be used to improve sample analysis times include sample preparation 
where robotics (de Koning et al. 2001; Masood et al. 2005) and single 
stage preparative steps (Butte 1983; Sandra and David 2002; Bondia-
Pons et al. 2007; Mondello et al. 2006;), have been combined with fast 
GC to develop techniques more amenable for high throughput analysis. 
The method for measuring BCFA levels in sheep fat, reported in 
Chapter 3, uses sample preparation and GC-MS measurement that are 
time-consuming, and also represent the limiting steps in delivering 
quantified results. Fast GC with flame ionisation detection (a simpler 
detection technique than mass spectrometry), when combined with a 
single stage sample preparative step, could represent an alternative 
method for measuring BCFA levels in sheep fat that could be used for high 
throughput analysis. This was of interest to the Co-operative Research 
Centre for Sheep Industry Innovation (Sheep CRC), which wanted to 
measure the BCFA concentrations in fat taken from > 2000 animals, to 
determine whether genetics has a role on the levels of these compounds. 
Method Ce 2-66 of the American Oil Chemists' Society (AOCS) 
(Anonymous 1997) is a one step preparative method that uses base-
catalysed transesterification to form FAMEs from oil and fat samples. It is 
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feasible that this preparative method when combined with fast GC could 
be used for high throughput analysis of BCFAs in sheep fat. A fast GC 
method for the measurement of FAMEs was developed for this purpose. To 
be a viable alternative though, the analytical figures of merit for the 
proposed method would need to be as good as (if not better than) the 
Unitrex®/GC-MS. The detection limit (DL), one such figure of merit, is the 
smallest concentration or amount of analyte that can be detected by an 
analytical method with a reasonable amount of certainty (Miller and Miller 
1993), and thus can be used to assess whether the proposed rapid 
method would be suitable for measuring BCFA levels in sheep fat. 
Fast GC not only reduces the analysis time but also generates 
large amounts of data that can be analysed by multivariate statistical 
techniques. One set of such techniques are supervised pattern recognition 
techniques which classify unknown samples to known classes based on a 
pattern of measurements present in samples of known class membership 
(Berrueta et al. 2007). A common strategy for testing pattern recognition 
techniques involves; (a) selecting suitable training sets consisting of 
known class membership and measured variables, (b) selecting the 
discriminating variables, (c) developing a suitable model from the training 
set, and (d) validating the model using a test set to confirm the reliability 
of the model (Berrueta et al. 2007). Generally, multivariate analyses, 
including pattern recognition techniques, use quantitated data which, in 
this case, means that the FAMEs are identified and quantitated prior to 
subsequent analysis. Quantitation does though introduce an extra step of 
data processing which may not be needed. Recently, analysis-of-variance 
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(ANOVA) feature selection has been used to identify and select 
chromatographic features relevant for sample classification (Johnson and 
Synovec 2002). It has been used for classifying jet fuels using 
comprehensive two-dimensional GC (Johnson and Synovec 2002), 
monitoring diesel fuel degradation using GC-MS (Johnson et al. 2004) and 
the classification of gasoline data obtained by GC (Pierce et al. 2005). This 
suggested itself as a possible approach for classifying sheep category. As 
an initial trial, this approach was applied to discriminating between ovine 
and porcine fat (as methyl esters) using measured (raw) output obtained 
from fast GC. It was then applied to 10 chromatograms of lamb and 
mutton (from Chapter 4) to evaluate its application for sheep category. 
The zNoseTM is a portable, hand-held ‘very fast’ GC which uses 
purge-and-trap for concentration and a surface acoustic wave (SAW) 
sensor for detection. It has been used in the area of food analysis (e.g. 
classification of honey (Lammertyn et al. 2004), determining honey 
adulteration (Veraverbeke et al. 2005), characterisation of plant volatile 
compounds (Kunert et al. 2002), the detection of palm olein adulteration 
(Man et al. 2005), characterising selected C6 grape aroma compounds 
(Watkins and Wijesundera 2006), and monitoring carrot volatiles while 
microwave processing (Li et al. 2010). The zNoseTM has a reported part-
per-billion sensitivity for volatile compounds and part-per-trillion for semi-
volatile compounds (Staples 2000), and it seemed a suitable candidate for 
the measurement of BCFAs, given the low levels of these compounds in 
sheep fat.  
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6.1.1 Calculating Detection Limits 
The detection limit is an important analytical figure of merit and, 
even though regarded as well-known, there does not appear any 
harmonious agreement on the best way to determine it (Vogelsang and 
Hädrich 1998). Vogelsang and Hädrich (1998) proposed a statistical 
approach for computing the DL using calibration curve data. The 
calibration curve is assumed to be linear where the measured response, y, 
changes proportionally with the concentration, x, and can be expressed 
by: 
y = mx + c + ε 
where m is the slope of the curve, c is the intercept and ε is an 
error term. The detection limit, xD, can be calculated using: 
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An alternative approach has been described by Miller and Miller 
(1993) who define the DL as “the analyte concentration giving a signal 
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equal to the blank signal, yC, plus three standard deviations of the blank, 
σC”. With this definition, the detection limit, xD, can be computed using 
xD = m
xx
s
c
n
1
i
y
∑
=
−
+
i
2)(
3
 (6.2). 
6.1.2 Analysis-Of-Variance (ANOVA) Feature Selection 
Analysis-of-variance (ANOVA) feature selection identifies and 
selects the chromatographic features which are relevant for sample 
classification (Johnson and Synovec 2002). The ANOVA selection 
technique calculates, on a point-by-point basis, an ‘f’ ratio which is the 
ratio of the inter-sample variance to the intra-sample variance at that 
time-point. The size of the ‘f’ ratio provides an indicator of the degree of 
difference that exists between samples. The data with an ‘f’ ratio greater 
than a selected threshold value is regarded as a feature while the 
remainder is excluded and not used for any subsequent analysis. Johnson 
and Synovec (2002) provide a detailed description on how the variance 
values are calculated. For this work, the inter-sample (i.e. sample-to-
sample) variance, σs, was calculated using: 
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where x i is the mean of the ith sample, x  is the aggregate mean, 
and k is the number of samples while the intra-sample (i.e. within-sample) 
variance, σi,  was calculated using: 
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where xij is the jth measurement for the ith sample, n is the 
replicate measurements for the ith sample and N is the total number of 
chromatograms.  
The ANOVA ‘f’ ratio is taken as the ratio of the two variances: 
‘f’ ratio 2
i
s
σ
σ=
2
 
which is calculated at each time point of the data set. A training 
set can be formed and thus used to identify any features in the data set 
when the ‘f’ ratio lies above a particular threshold value. Johnson and 
Synovec (2002) selected thresholds by assessing the degree of sample 
separation after inspection of two-dimensional scores plots resulting from 
principal component analysis. In this work, an alternative approach was 
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tried which utilises a plot of the number of extracted points versus 
threshold value to select a suitable value.  
In this Chapter, an evaluation was made on the suitability for fast 
GC to classify sheep category; that is, the hypothesis was that sheep 
category can be classified using fast/’very fast’ GC. 
6.2 Experimental 
6.2.1 Reagents 
Supelco® 37 Component FAME Mix (47885-U) was purchased from 
Sigma-Aldrich (Castle Hill) and the composition of the mixture is given in 
Appendix 9.3. MOA, EOA and MNA were purchased from Sigma-Aldrich 
(Sydney, Australia). 
6.2.2 Gas Chromatography (GC) 
GC analyses were performed using an Agilent Model 6890 gas 
chromatograph equipped with a flame ionisation detector and a split-
splitless injector.  
For fast GC, separations of the FAMEs (0.2 μL aliquots) were 
performed using a short capillary column (SGE BP20, 10 m x 0.1 mm i.d., 
0.1 µm film thickness). The separation conditions were optimised from the 
conventional GC parameters (given below) using software specifically 
designed for this purpose (Blumberg et al. 1997). The oven temperature 
was held at 80 °C for 0.36 min and then heated to 230 °C at 33.1 °C min-
1 and held for a further 2.36 min. The injector was heated at 260 °C and 
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in the split mode (500:1). Hydrogen was used as the carrier gas (constant 
flowrate = 0.5 mL min-1).  
For conventional GC, FAME separations were performed using a 
capillary column (Agilent HP-INNOWax, 30 m x 0.25 mm i.d., film 
thickness = 0.25 μm). The oven temperature was initially at 80 °C for 2 
min and heated to 230 °C at 6 ° min-1 and then held for 13 min. The 
injector was heated at 260 °C and in the split mode (20:1). For the FAME 
standard, a 1 μL aliquot used for  injection while, for the ovine and porcine 
fat FAMEs, 0.2 μL aliquots were used with a split ratio of 500:1. Hydrogen 
was used as the carrier gas (constant flowrate = 1.0 mL min-1). 
For the conventional and fast GC analysis, the same detector 
conditions were employed. The detector was heated at 260 °C with the 
detector gas flows as follows: H2, 40 mL min-1, instrument air, 400 mL 
min-1, and the make-up gas (N2), 30.0 mL min-1. The data were acquired 
and processed with the GC Enhanced Chemstation software (version E). 
6.2.3 Determining The Detection Limits Of BCFAs As Methyl 
Esters 
For this section, the BCFAs were in the free form and required acid 
transesterification. This was done by heating, in the presence of 
anhydrous methanol and an acidic catalyst (Christie 2006).  
BCFA standard solutions, in the range of 0 to 30 μg mL-1, were 
prepared in iso-octane (1 mL) and, after the addition of 1% (v/v) H2SO4 in 
methanol (1 mL) and 200 μL dichloromethane (to assist miscibility), were 
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heated at 80 °C for 1 hr. After the addition of 5% w/v NaCl solution (1 
mL) and cooling, the organic phase was removed and the aqueous phase 
washed with 2 X 0.5 mL aliquots of ovine FAME solution, prepared 
according to section 6.2.5. The combined organic extracts were washed 
with 1 mL 2% (w/v) NaHCO3 and then dried with anhydrous Na2SO4. Each 
standard was measured in duplicate by conventional GC.  Section 9.1 
shows the code used to calculate the detection limits. 
6.2.4 Sample Collection 
The sheep fat samples were collected from two commercial 
abbatoirs in Victoria at 24 hours post slaughter. The animals were Merino 
crossbred and were finished on pasture, prior to processing.  The pork fat 
was taken from samples from another experiment which was independent 
of this study. The animals were Large White X Landrace, fed on diets of 
varying palm olein. The exact details on diet were not made available to 
the author. 
6.2.5 FAME Preparation From Animal Fat 
Fat samples (9 sheep and 10 pork) were heated at 100 °C for 30 
mins. An aliquot of the molten fat (200 μL) was added to 3.8 mL iso-
octane in a 100 mL Kimax tube. Methanolic potassium hydroxide (2M, 100 
μL) was added to the tube and mixed for 1 min using a vortex stirrer. The 
tube and contents were allowed to stand for 5 min. Hydrochloric acid (2M, 
100 μL) was then used to terminate the reaction. After 30 minutes, the 
organic layer was removed and dried with anhydrous sodium sulphate, 
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prior to GC analysis (based on the alternate method of AOCS Official 
Method Ce 2-66 (Anonymous 1997)) 
6.2.6 ANOVA Calculation And Hierarchical Cluster Analysis 
The chromatograms were exported from the Agilent Chemstation 
software using the comma-separated value (CSV) format and imported 
into R version 2.4.1 (R Development Team 2006). Data from the first 0.5 
min was removed from each chromatogram to remove the contribution 
from the solvent front and prevent introducing any artefacts into the 
analysis. A training set was formed by arbitrarily selecting 3 
chromatograms of sheep and pork fat FAMEs that had been measured by 
fast GC.  The ANOVA algorithm, implemented in R using ‘in-house’ 
software (section 9.2), was applied to the training set and a set of ‘f’ 
ratios was calculated for each retention time. A plot of the ‘f’ ratios 
against retention time revealed that there were differences between the 
porcine and ovine fat samples (Figure 6.1). Inspection of Figure 6.1 
suggested that, with an increase in the ‘f’ ratio (or a threshold value), the 
number of points that would be identified as significant peaks would 
decrease. This was confirmed by plotting the range of predicted threshold 
values against the number of points which were extracted at each value 
(Figure 6.2). Non-linear regression, with an exponential function (y = Ae-
kx), was used to approximate the shape of the curve (Figure 6.2) and 
linear regression employed to estimate the tangents of the early and later 
sections of the curve. The point of intersection of these two lines was 
taken as an estimate of the threshold value for ‘f’. This point was 
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calculated by observing that, for two different linear functions with a 
common point (x,y), this point can be expressed as both y = m1x + c1 and 
y = m2x + c2 and rearrangement of these equations yields x = (c2 - 
c1)/(m1 - m2) which, for this work, was taken as the threshold value of the 
‘f’ ratio. The 10 pork fat FAME chromatograms and 9 sheep fat FAME 
chromatograms were combined to form a test set. Using the threshold 
value, the points with an ‘f’ value greater than the threshold value were 
extracted from the test set, and used to form a new matrix which was 
analysed by hierarchical cluster analysis using Euclidean distance.  
Classification Of Sheep Category Using Chemical Analysis And 
Statistical Classification Algorithms 
 
 
 
 
156 
 
 
Figure 6.1 A plot of the calculated ANOVA ‘f’ ratio versus retention 
time for a training set of 3 pork and sheep fat FAMEs. 
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Figure 6.2 A plot of the number of extracted data points against a 
range of potential threshold values (in green).  
The blue line indicates the exponential fitted values of the data 
with the lines of tangent to the fitted data also shown. 
6.2.7 zNoseTM Analysis 
Measurements were performed with a zNoseTM model 7100 vapour 
analysis system (Electronic Sensor Technology-EST, Newbury Park, CA) 
fitted with a Tenax® trap (ca 1 mg) for sample pre-concentration, a 
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miniature DB-5 capillary column for component separation, and an 
oscillating surface acoustic wave (SAW) detector for the detection of the 
separated components. Sample aliquots (2 mL) were sealed in 10 mL 
headspace vials with PTFE/silicon septa. The headspace of the vial was 
swept into the trap for 10 s. The trap was then heated to 250 OC and the 
volatile compounds were transferred to the analytical column which was 
heated from 40 to 180 OC at a rate of 10 OC s-1 and held at this 
temperature for 15 s.  Helium was the carrier gas and the flow rate was 3 
mL min-1. The SAW was held at 35 OC. The data were analysed with 
Microsense software (version 4.63, EST). 
6.3 Results And Discussion 
6.3.1 Fast GC Method Development 
To facilitate the development of a fast GC method for the 
measurement of FAMEs, a commercial 37 component FAME mixture was 
analysed using conventional gas chromatography with an INNOWax 
capillary column to act as a reference point. The mixture was measured 5 
times and the retention times were determined for each compound (Table 
6.1). Not unexpectedly, the repeatability of the separation was excellent 
with the RSD = 0.01% except for butyric acid where the RSD was 0.02%.  
The conventional GC method was translated for use with fast GC 
by software specifically designed for this purpose (Blumberg et al. 1997). 
The translated method allowed for best separation efficiency, and had a 
calculated improvement in performance of 5.52 (i.e. the analysis would be 
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over 5 times faster). The commercial 37 component FAME mixture was 
analysed using the fast GC method and, as for the conventional approach, 
measured 5 times. Fast GC did increase the speed of analysis as the 
overall analysis time was reduced to less than 7 min in comparison to the 
conventional GC approach where the analysis was complete in 35 mins 
(Figure 6.3). Additionally, each mixture component was also resolved 
using the fast GC approach indicating that the integrity of the separation 
had been maintained.  The repeatability of the separation is quite good as 
well with RSD < 0.3% (Table 6.1). 
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Table 6.1  Retention times (tR) for conventional and fast GC 
analysis of Supelco® 37 FAME standard mix.  
Conventional GC Fast GC Peak 
tr (min)A %RSD tr (min)A %RSD 
Peak ID 
1 3.74 0.02 0.74 0.06 C4:0 
2 6.57 0.01 1.26 0.04 C6:0 
3 10.23 0.01 1.93 0.05 C8:0 
4 12.09 0.01 2.27 0.05 C10:0 
5 13.90 0.01 2.61 0.04 C11:0 
6 15.65 0.01 2.94 0.05 C12:0 
7 17.34 0.01 3.25 0.05 C13:0 
8 17.94 0.01 3.36 0.01 C14:0 
9 18.96 0.01 3.55 0.05 C14:1 
10 19.54 0.01 3.66 0.06 C15:0 
11 20.52 0.01 3.85 0.01 C15:1 
12 20.91 0.01 3.91 0.07 C16:0 
13 22.01 0.01 4.12 0.01 C16:1 
14 22.39 0.01 4.19 0.08 C17:0 
15 23.46 0.01 4.39 0.01 C17:1 
16 23.74 0.01 4.44 0.01 C18:0 
17 24.39 0.01 4.56 0.09 C18:1n9c + C18:1n9t 
18 24.43 0.01 4.57 0.09 C18:2n6c + C18:2n6t 
19 24.81 0.01 4.64 0.01 C18:3n6 
20 25.28 0.01 4.72 0.10 C18:3n3 
21 26.18 0.01 4.90 0.10 C20:0 
22 26.45 0.01 4.95 0.10 C20:1 
23 27.08 0.01 5.07 0.10 C20:2 
24 27.46 0.01 5.14 0.01 C20:3n6 
25 27.49 0.01 5.16 0.12 C21:0 
26 27.79 0.01 5.21 0.13 C20:3n3 
27 28.00 0.01 5.25 0.13 C20:4n6 
28 28.81 0.01 5.41 0.14 C20:5n3 
29 29.01 0.01 5.47 0.16 C22:0 
30 29.37 0.01 5.55 0.16 C22:1n9 
31 30.28 0.01 5.73 0.17 C22:2 
32 30.84 0.01 5.86 0.18 C23:0 
33 33.14 0.01 6.36 0.21 C24:0 
34 33.74 0.01 6.44 0.21 C22:6n3 + C24:1c 
AMean for n = 5 measurements  
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(b)  
Figure 6.3  Chromatograms of 37 component FAME standard using 
a) conventional and b) fast GC. 
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6.3.2 The Detection Limits Of BCFAs As Methyl Esters 
Table 6.2 shows the detection limits for three BCFAs which impact 
on the odour associated with the cooked meat of older sheep; MOA, EOA 
and MNA. The highest BCFA concentration found in the survey reported in 
Chapter 4 was ~ 1.3 mg kg-1 (Figure 4.2) which is well below the 
calculated detection limits for the proposed method (Table 6.2) indicating 
that the BCFAs measured in the earlier study would not be detected by 
the proposed method. Thus, AOCS Method Ce 2-66 with GC-FID method 
would not have the required sensitivity for the measurement of BCFAs in 
the range covered by the earlier method. An alternative strategy was 
evaluated using an alternate derivatising agent (acidic heptafluorobutanol) 
and detection (electron capture detector) but with little success (results 
not shown) (i.e. lower detection limits were not found with this system). 
Further study of this system was not continued as would have introduced 
added complexity to the method, in contrast to the aim of having a simple 
analytical technique for measuring BCFAs in sheep fat. 
Table 6.2 The detection limits (mg kg-1) for three BCFAs as methyl 
esters using GC with flame ionisation detection. 
FAME DLM1 DLV2 
MOA 5.00 8.09 
EOA 3.70 5.98 
MNA 5.29 8.56 
1DLM = detection limit according to (Miller and Miller 1993) 
2DLV = detection limit according to (Vogelsang and Hädrich 1998) 
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6.3.3 Fast GC Measurement Of Sheep And Pork FAMEs 
The FAMEs produced from 9 sheep and 10 pork fat samples were 
measured by fast GC. Not unexpectedly, differences were observed 
between chromatograms for each fat type (Figure 6.4). Generally, higher 
amounts of stearic acid (18:0) are found in ovine adipose tissue compared 
to that from pork, while amounts of oleic (18:1cis–9) and linoleic         
(18:2–6) acids are associated with porcine adipose tissue (Wood et al. 
2004).  
0
100000
200000
300000
400000
500000
600000
2 3 4 5 6
Time (min)
G
C
 re
sp
on
se
 (A
U
)
Sheep Pork
 
Figure 6.4 Overlay of fast gas chromatograms measured for sheep 
and pork FAMEs. 
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6.3.4 ANOVA Feature Selection Of Sheep And Pork FAMEs 
Measured By Fast GC 
Three chromatograms from the fast GC measurement of the sheep 
and pork FAMEs were arbitrarily selected as a training set. The earlier 
portions of the chromatograms (containing the solvent front) were 
removed from the data set to eliminate any unwanted contribution to the 
ANOVA calculation. The measured data were used to create a matrix 
consisting of 6 rows (representing animal type) and 8199 columns 
(retention times). It is worth noting that each chromatogram represents 
FAMEs from individual animals meaning there will be differences between 
each profiles. This approach differs from earlier work which used 
replication from each classification (or sample type) (Johnson and 
Synovec 2002). The ANOVA algorithm was applied to the training set and 
the Fisher (‘f’) ratio was calculated for each retention point (column 
entry). A plot of the calculated ‘f’ ratios against the retention time is 
shown in Figure 6.2. The points which have ‘f’ values above a nominated 
threshold value can be regarded as ‘features’ and so can be used to assist 
in discriminating between sheep and pork FAMEs. Of interest, the highest 
‘f’ ratio shown in Figure 6.2 is associated with myristic acid (C14:0) and 
inspection of Figure 6.6 shows that there are differences between this FA 
level in sheep and pork fat. Given that there are differences between the 
levels of palmitic (C16:0), stearic (C18:0), oleic (C18:1) and linoleic 
(C18:2) acids in sheep and pork fat, it would not be unreasonable to see 
high ‘f’ ratios for these FAs as well but this was not the case. In previous 
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work (Johnson and Synovec 2002), the selection of a threshold value was 
made by the inspection of two-dimensional scores plots resulting from 
principal component analysis to identify the degree of sample separation. 
For this study, an alternative approach was tried. Inspection of Figure 6.1 
shows that, by increasing the threshold value, the number of points that 
can be used as features would decrease. This is more clearly 
demonstrated in Figure 6.2 which shows a plot of the number of extracted 
data points against a range of potential threshold values (from 1 to 200), 
where it also can be seen that there is a point in the curve where the 
slope changes. It was inferred that this was the point where only relevant 
features were being extracted from the dataset, and thus would be a good 
candidate for the threshold value. This value was estimated as the point of 
intersection of two lines in tangent to the early and later portions of an 
exponential curve fitted to the data, also shown in Figure 6.2. This value 
was calculated as an ‘f’ value of 61.5 for the training set and taken as the 
threshold value. This threshold value was then applied to the test set and 
the points (retention times) where the ‘f’ values were above the threshold 
value, were used to generate a new data matrix consisting of 6 rows and 
808 columns. This new matrix contained the relevant features from the 
sheep and pork FAMEs and represented 9% of the original measured data.  
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6.3.5 Classification Of Sheep And Pork Fat By Hierarchical Cluster 
Analysis Using ANOVA Feature Selection 
The threshold value was applied to a test set of the 
chromatograms from the fast GC analysis of the 10 pork and 9 sheep 
FAMEs. The selected features were used to generate a new matrix 
consisting of 19 rows (representing each sample) and 808 columns 
(extracted time points), which was analysed by hierarchical cluster 
analysis (HCA). In HCA, the similarity between samples is calculated using 
the distance concept, based on a mathematical relationship of the 
sample’s numerical properties (Pappas et al. 2008). Initially, each sample 
is assigned to its own cluster and, as the algorithm proceeds, the cluster 
is assigned to the next most similar cluster until there is a single cluster 
remaining.  The dendogram resulting from the HCA (Figure 6.5) indicated 
that two distinct clusters were present in the data set and were related to 
the animal types, sheep and pork. The analysis also suggested that two 
sub-groups were within the pork cluster; P1, P2 and P3 as one sub-cluster 
and the other samples as the other sub-cluster. Some differences were 
also evident for samples S2 and S3 compared to the other sheep samples. 
This result also indicates that ANOVA feature selection can be applied to 
the raw GC output without prior characterisation of the FAME content, and 
used to successfully classify samples from sheep and pork fat. 
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Figure 6.5 Dendogram from a hierarchical cluster analysis of 10 
pork and 9 sheep fat FAME chromatograms. 
6.3.6 Classification Of Lamb And Mutton Using ANOVA Feature 
Selection And Hierarchical Cluster Analysis 
Given the success of ANOVA feature selection to classify pork and 
sheep fat based on the FAME chromatograms, it was anticipated that this 
could be extended to intra-animal; i.e. discriminating between lamb, 
hogget and mutton. Using 10 chromatograms for lamb and mutton from 
the survey reported in Chapter 4, a preliminary cluster analysis was 
performed after ANOVA feature selection but this approach was not as 
successful as for the test case (Figure 6.6). Most likely, this would be 
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related to the similarity between the FA profiles for the lamb and mutton 
samples meaning that there would not be significant differences between 
samples for relevant features to be identified using the ANOVA approach. 
 
Figure 6.6 Dendogram from a hierarchical cluster analysis of 10 
lamb and 10 mutton total ion chromatograms as trimethysilyl 
esters. 
6.3.7 Measurement Of BCFAs Using The ZnoseTM 
The zNoseTM responses for a set of standard solutions containing 
MOA, EOA and MNA, ranging from ~ 6 to ~10,000 μg mL-1, were 
measured using direct aspiration of the sample headspace. For this 
experiment, it was assumed that the BCFAs would be freely available in 
sheep fat, rather than bound in the triacylglycerol component. The 
responses were measured at room temperature and no apparent response 
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was observed for any of the measured compounds. Initially, this was 
thought to be due to insufficient volatility of the compounds of interest. 
Subsequently, the sample vials were heated at 40 OC to increase the 
volatility of the acids and assist in the release of the BCFAs in the 
headspace for direct aspiration into the zNoseTM. This however was not the 
case. No increase in the zNoseTM response was found for any test solution, 
in spite of a 10-fold increase in concentration for each solution (e.g. 
Figure 6.7 shows the MOA response). Similar observations were found for 
MOA and EOA. If the BCFA had been released into the headspace and 
detected by the zNoseTM then the observed response would have been 
expected to vary proportionally but the BCFAs were not sufficiently 
volatile under this set of experimental conditions and so were not 
detected. The BCFAs have relatively high boiling points (Table 6.3). 
Heating the sample is not a recommended practice for the zNoseTM since 
the use of higher temperatures allows moisture to be swept into the 
instrument, pass through the analytical column and then be deposited 
onto the detector which compromises the analysis (Watkins and 
Wijesundera, 2006). Another alternative approach could have been to 
increase the purge time of the sample from 10 s but this also allows other 
material to enter the zNoseTM and be adsorbed by the sensor. Too much 
material prevents the sensor from functioning properly and requires 
remedial steps for the SAW to correctly operate (Watkins and Wijesundera 
2006). In the light of these facts, it was concluded the zNoseTM was not 
suitable for the measurement of the BCFAs. 
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Figure 6.7 An overlay of the measured zNoseTM response for a set 
of MOA standard solutions. The black line is 8600 μg mL-1, blue = 
780 μg mL-1, and red = 71 μg mL-1. 
Table 6.3 Boiling points of three BCFAs 
Compound Boiling point (OC)A 
MOA 149 
EOA 163 
MNA 292-293 
ASourced from http://www.sigmaaldrich.com. 
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6.4 Conclusion 
Fast GC was not suitable for the measurement of MOA, EOA and 
MNA in sheep fat. While the simple single-stage preparative step, 
combined with fast GC, was able to discriminate between sheep and pork 
fat (using ANOVA feature selection and hierarchical cluster analysis), it 
seems that this approach most likely will not be suitable for differentiating 
between lamb and mutton samples due to the similarity of the profiles.  
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CHAPTER 7:  A COMPARISON OF SOLID PHASE 
MICROEXTRACTION WITH SIMULTANEOUS DISTILLATION AND 
EXTRACTION FOR THE ANALYSIS OF VOLATILE COMPOUNDS IN 
HEATED BEEF AND SHEEP FAT. 
7.1 Introduction 
‘Pastoral’ flavour can be present in the cooked meat of pasture fed 
ruminants (Berry et al. 1980) and, for sheep meat, is linked to the 
presence of 3-methylindole and, to a lesser extent, p-cresol (Young et al. 
2003). The presence of a ‘pastoral’ flavour in sheepmeat may not be of 
any consequence to Australian consumers, who are unable to distinguish 
between grilled lamb from animals finished on either pasture or 
concentrated pelleted feeding systems (Pethick et al. 2005). However, the 
presence of this flavour note could cause the product to be less palatable 
to other consumers of lamb, who are more accustomed to the meat from 
grain fed sheep (Prescott et al. 2001). 
SDE has been the principal technique for the extraction of 3-
methylindole and p-cresol from sheep fat (Ha and Lindsay 1990; Ha and 
Lindsay 1991; Lane and Fraser 1999; Osorio et al. 2008; Schreurs et al. 
2007; Young et al. 2003). It is a one-step isolation-concentration process 
using steam distillation to extract the analytes from the sample but is 
lengthy and laborious (Young and Braggins 1998; Prescott et al. 2001).  
Recently, SPME has become the method of choice for aroma 
analysis since it offers solvent-free, rapid sampling with low-cost, ease of 
Classification Of Sheep Category Using Chemical Analysis And 
Statistical Classification Algorithms 
 
 
 
 
173 
operation and sensitivity (Sides et al. 2000). SPME integrates several 
steps of the analytical process, and allows sample extraction and 
introduction to be performed as a simple process (Stashenko and Martinez 
2004). SPME has been used to measure the content of 3-methylindole and 
p-cresol, and short chain volatile FAs, in “cow slurry”; a mixture of 
manure in water (Larreta et al. 2006; Larreta et al. 2007a; Larreta et al. 
2007b). Given the success of this technique with “cow slurry”, the aim of 
this study was to evaluate the use of SPME for the measurements of these 
compounds in sheep fat. Thus, the primary hypothesis was that SPME was 
suitable for the measurement of 3-methyindole and p-cresol in ovine fat. 
Additionally, a comparison was also made between the use of SPME and 
SDE for the measurement of volatile compounds in ovine and bovine fat. 
7.2 Materials And Methods 
7.2.1 Materials 
p-Cresol (4-methylphenol, C85761), 3-methylindole (M51458), 2-
methylindole (M51407) and deuterated o-cresol (1-methylphenol, 
448184) were purchased from Sigma-Aldrich (Castle Hill) without 
purification. Divinylbenzene /Carboxen®/polydimethylsilicone 
(DVB/Car/PDMS) SPME fibres were purchased from Supelco, Inc. (Sydney, 
Australia). The SPME fibre was pre-conditioned at 300 °C for 1 hr as per 
the manufacturer’s recommendation. 
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7.2.2 Fat Samples 
A commercial beef fat (“Allowrie Prime Beef Dripping”) was 
purchased from a local retail store. An aggregate of 40 subcutaneous fat 
samples taken from the rump of 22-month old sheep was used to 
represent sheep fat. The fat was stored at -80 °C for 12 months. These 
samples were taken from carcasses from Resource Flock 1 of Australian 
Sheep Industry Co-operative Research Centre (Hopkins et al. 2007). 
7.2.3 Measurement Of P-Cresol And 3-Methylindole  
Headspace SPME/GC-MS was performed using a Varian GC-MS 
system (Springvale, Australia) comprising a CP-3800 gas chromatograph, 
a DB-VRX fused silica capillary column (J&W, 60m x 0.25 mm i.d. x 1.4 
μm film thickness and 1200L single quadrupole mass spectrometer with a 
CombiPAL SPME autosampler (CTC, Switzerland). 
7.2.3.1 Headspace SPME 
Aliquots (2 g) of dehydrogenated coconut oil (spiked at a level of 
50 ng g-1 with p-cresol, deuterated o-cresol and 3-methylindole) were 
placed in 20 mL glass headspace vials and sealed with PTFE/silicone septa 
and steel seals. Dehydrogenated coconut oil was chosen as it was 
regarded as a less complex substrate, compared to animal fat. A simple 
experimental design was used to study the effect of temperature and time 
on the extraction of p-cresol, o-cresol and 3-methylindole from the fat. 
The temperatures used for the study were 110 and 150 °C while the 
extraction times were 30 and 60 min. Lower temperatures (70 and 90 °C) 
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were initially tested but no measurable signal was observed for any 
compound. The extraction times were selected to allow sufficient time for 
the compounds to be volatilised from the fat and then adsorbed onto the 
SPME fibre.  
The vials and their contents were heated at the selected sampling 
temperatures (110 or 150 °C) for 2 min prior to the insertion of the 
DVB/Car/PDMS fibre into the headspace where it was held at the selected 
sampling temperature for either 30 or 60 min. Duplicate measurements of 
the spiked sample were performed at each combination of temperature 
and time. At the end of the sampling time, the autosampler withdrew the 
fibre and then was inserted into the GC injector (260 °C) to desorb the 
adsorbed compounds for transfer to the analytical column. The fibre was 
held in the injector for 7 min, and the injector was held in the splitless 
mode for the first 2 min and then split (1:20) for the remainder of the 
analysis. An analysis-of-variance (ANOVA) was performed to evaluate the 
effect of temperature and time on the measured response of the detector 
for each compound. 
7.2.3.2 Measurement By GC-MS 
The GC oven temperature was initially held at 35 °C for 2 min, 
increased at a rate of 10 °C min-1 to 200 °C, then increased to 250 °C at a 
rate of 20 °C min-1 where it was held for a further 19 min. Helium was 
used as the carrier gas with a constant flowrate of 2.0 mL min-1. The MS 
was operated in electron ionisation mode (70 eV) and data acquired in full 
scan mode over the range of 40 to 360 Da. The mass spectrometer was 
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calibrated using FC43 (Varian, Inc., Springvale). The detector response of 
each analyte was quantified by measuring the abundance of a 
characteristic target ion using the Varian Saturn Mass Spectrometry 
Workstation Version 6.6 software (Varian, Inc., Springvale). A qualifying 
ion was also used to confirm the analyte’s identfication. The following 
target and qualifying ions were as follows; p-cresol, m/z = 107 and 108; 
deuterated o-cresol, 115 and 116; 3-methylindole, m/z = 130 and 131. 
For calibration purposes, standards were prepared by spiking 
dehydrogenated coconut oil with p-cresol and 3-methylindole. For both 
compounds, the standard concentration range was 5 to ~ 75 ng g-1, 
covering the expected range of these compounds to be present in sheep 
fat (Ha and Lindsay 1991; Young et al. 2003; Schreurs et al. 2007). 
Deuterated o-cresol (50 ng g-1) was used as an internal standard for both 
compounds. 2-Methylindole was also initially selected as an internal 
standard for 3-methylindole but this compound had an identical retention 
time and mass spectra as the target analyte, which meant that 2-
methylindole was unsuitable for this purpose. The headspace of aliquots 
(2 g) of spiked oil were sampled at 150 °C for 30 min and analysed by 
GC-MS as noted above. For both compounds, the relative response, i.e. 
the ratio of the peak area for each respective compound to the peak area 
of deuterated o-cresol, was used with the standard concentrations to plot 
the calibration curves. The calibration data were used to determine 
detection limits for each compound using the approach reported in 
Chapter 6. 
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7.2.4 Comparison Of SPME And SDE For The Measurement Of 
Volatile Compounds In Beef And Sheep Fat. 
7.2.4.1 Headspace SPME. 
Samples were stored at –80 °C for 12 months and then removed 
and allowed to reach room temperature prior to analysis. Aliquots (5 g) of 
molten fat were transferred to 20 mL headspace vials and sealed with 
polytetrafluoroethylene (PTFE, Teflon®)/silicone septa and steel caps. The 
vials and their contents were pre-heated at 100 °C for 5 min prior to the 
insertion of the DVB/Car/PDMS SPME fibre into the headspace where it 
was held for 60 min. The fibre was then withdrawn and inserted into the 
GC injector to allow the adsorbed compounds to be transferred to the 
analytical column. The fibre was held in the injector for 7 min.  
7.2.4.2 Simultaneous Distillation-Extraction (SDE). 
Aliquots (5 g) of molten fat were transferred to 100 mL flasks 
containing 30 mL of saturated brine (i.e. NaCl) solution. The flask was 
attached to a modified Likens-Nickerson apparatus (Chrompack, 
Netherlands) with a second flask containing 2 mL dichloromethane 
attached to the apparatus. Dichloromethane (4 mL), followed by saturated 
brine (2 mL), was added to the apparatus solvent return loop and both 
the solvent and sample mixture were heated to their respective boiling 
temperatures and maintained at these temperatures for 60 min. The 
condenser was cooled to a temperature of -5 °C. The organic extract (2 
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mL) was cooled to ambient temperature and then dried over anhydrous 
Na2SO4 prior to analysis.  
7.2.4.3 Analysis By GC-MS 
The volatile compounds were separated using a DB5-MS fused 
silica capillary column (J&W, 30m x 0.25 mm i.d. x 250 μm film thickness) 
in an Agilent GC-MS system (Palo Alto, CA, USA) comprising a Model 6890 
gas chromatograph and Model 5973 mass selective detector with a 
CombiPAL autosampler (CTC, Switzerland). The GC oven temperature was 
initially held at 40 °C for 2 min, increased at a rate of 6 °C min-1 to 260 
°C where it was held for a further 6.33 min. For SPME, the injector, 
heated at 260 °C, was held in the splitless mode for the first 2 min of the 
analysis and then in the split mode (20:1) for the remainder of the 
analysis. For SDE, the extract (1 μL) was injected under the same 
conditions with a solvent delay time of 3.5 min. Helium was used as the 
carrier gas with a constant flowrate of 2.0 mL min-1. 
A series of n-alkanes (C8 to C24) were analysed under the same 
chromatographic conditions in order to calculate the van den Dool and 
Kratz (1963) retention indices of the sample compounds. The retention 
indices, I, (RIs) were calculated using: 
I = 100.n + (100.z).
)( - )(
)( - (compound) 
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rr
ntNt
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where tr is the retention time, n and N are respectively the 
number of carbon atoms in the alkanes eluting before and after the 
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compound, and z is the difference between the number of carbon atoms 
between the smaller and larger alkane. 
The MS was operated in electron ionisation mode (70 eV) and data 
were acquired in full scan mode for range of 40 to 360 Da. The 
temperature of the source and the detector were 150 and 230 °C, 
respectively, while the MS transfer line was 280 °C. Compounds were 
tentatively identified by comparing the mass spectra to those found in the 
NIST 05 mass spectral library and comparison of van den Dool and Kratz 
indices to those reported in the literature. Results from the volatile 
analysis are reported as percentages of the total areas of the identified 
peaks, using the total ion chromatogram. 
7.3 Results And Discussion 
7.3.1 SPME Measurement Of ‘Pastoral’ Flavour (P-Cresol And 3-
Methylindole) In Sheep Fat. 
7.3.1.1 SPME Sample Extraction Temperature And Time 
Table 7.1 shows the mean (± average deviation) of the detector 
response of each compound using the simple experimental design 
described in section 7.2.3.1. A lower response was observed for p-cresol 
at 110 °C and 30 min (P < 0.001) when compared to the other 
combinations of temperature and time where no significant difference was 
detected. For d8-o-cresol, no significant difference was found for the 
response at any level while, for 3-methylindole, the response of this 
analyte increased with both temperature and time (P < 0.001). Only a 
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relatively moderate increase was found for the 3-methylindole response 
between the two times at 150 °C and so an extraction time of 30 mins at 
150 °C was chosen as the extraction conditions for measuring the 
response of the calibration standards.  
Table 7.1 Effect of extraction temperature and time on the 
detector response (X 106, arbitrary units) of p-cresol, d8-o-cresol 
and 3-methylindole using SPME. 
Time (min) Compound 
Temperature 
(°C) 30 60 
p-Cresol 110 7.49 + 0.61a 12.10 + 0.26 b 
 150 11.90 + 0.40b 11.51b + 0.04b 
d8-o-Cresol 110 0.54 + 0.20 0.75 + 0.11 
 150 0.52 + 0.03 0.49 + 0.04 
3-Methyindole 110 2.45 + 0.01a 3.65 + 0.12b 
 150 9.25 + 1.05c 14.39 + 0.65d 
abcdDifferent letters denote a significant difference for each 
compound 
7.3.1.2 Calibration Curve And Detection Limits 
Calibration Curve 
Figure 7.1(a) shows the plot of the relative response for p-cresol 
to deuterated o-cresol against the effective concentration in fat. A linear 
response was observed in the calibration curve which was confirmed by 
the residual plot shown in Figure 7.1(b). A residual plot is a plot of the 
residuals (that is, the differences between observed and expected values) 
against concentration and can be used to detect heterogeneity of the 
variance. For most values, the maximum variance that was observed was 
~ 0.2 or less, indicating that the variance was homogenous over this 
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range. Figure 7.2 (a) shows the plot of relative response of 3-methylindole 
to deuterated o-cresol against concentration while the associated residual 
plot is shown in Figure 7.2 (b). As for p-cresol, the residual plot shows 
that the variance up to ~ 0.2 for most of the calibration curve and that 
the variance was homogenous over the range. In some cases, the 
variance of the calibration response can vary proportionally with increase 
in concentration. One way to ‘normalise’ the variance in this case would 
be to log-transform the response in order obtain a uniform error 
distribution. This assumes though that the error term for the calibration 
response function is multiplicative whereas, in this application, the error 
term is assumed to be additive (see section 6.1.1). This means that log 
transformations of the response would not be appropriate for this 
application. 
Detection Limits 
The detection limits for the analysis of p-cresol and 3-methylindole 
were calculated using the methods outlined in Chapter 6, and are shown 
in Table 7.2 where DLV and DLM were computed with equations 6.1 and 
6.2, respectively. While these values are in the same order of magnitude 
and are comparable to each other, they are higher than the DLs reported 
by Larreta and co-workers (Larreta et al. 2006; Larreta et al. 2007a,b; 
Larreta et al. 2008) for measuring these compounds in “cow slurry” by 
SPME and GC-MS, and lower than those reported for a similar analysis 
using purge and trap (Larreta et al. 2008) (see Table 7.3). 
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Figure 7.1 (a) Plot of relative response of p-cresol to d8-o-cresol against effective concentration in fat and (b) 
plot of residuals (differences between observed and expected values) against effective concentration in fat. 
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Figure 7.2  a) Plot of relative response of 3-methylindole to d8-o-cresol against effective concentration in fat 
and (b) plot of residuals (differences between observed and expected values) against effective concentration in 
fat. 
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One explanation for this may be related to the way that the authors 
calculated the DLs. Larreta et al. (2008) calculated the DL as either the 
average signal of three blank samples of purged matrix plus three times s 
of the blank where a chromatographic peak was detected at the retention 
time of the analyte or, where no peak was found, the DL was defined as 
three times the signal-to-noise ratio. In the latter case, it is quite possible 
that this value represents an ‘idealised’ value rather than one which 
genuinely reflects the analytical signal present in the sample since the 
selection of signal and noise can be subjective and operator dependent. 
Thus, it is possible that this value is lower than the ‘actual’ DL. In the 
present study, the use of Equations 6.1 and 6.2 represents an objective 
approach for determining the DL. The calculation of the DLM value uses 
equation 6.2 which is the same approach used by Larreta et al (2008) 
when a peak is detected but, in this case, the blank signal was taken as 
the intercept of the calibration curve. In some instances it is quite 
reasonable that the intercept for the curve would be higher than the mean 
of three blank samples, which would mean the calculated detection limit 
would be higher than that found with the mean of 3 blank samples, or 
that found from 3 times the signal-to-noise ratio. Corley (2003) notes 
that, with chromatographic measurements such as in the case of this 
study, the determination of the standard deviation for the blank can be a 
little tricky as it relies upon the selection of appropriate integration 
parameters for the measurement of peaks (Corley 2003). Where poor 
selection of these parameters are made, situations can arise where either 
useless information can be generated or non-interfering peaks integrated 
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that then contribute to the standard deviation. Corley (2003) also 
suggests that this approach is more suited for good DL estimates for 
techniques using static measurements such as spectrophotometric 
measurements. Nevertheless, the values found with Equation 6.2 are 
comparable in magnitude to those found with Equation 6.1.  
Table 7.2 Detection limits (ng g-1) for pastoral flavour compounds 
in sheep fat using SPME and GC-MS 
Compound DLVA DLMB 
p-Cresol 10.1 8.6 
3-Methylindole 22.1 18.8 
A(Vogelsang and Hädrich 1998) B(Miller and Miller 1993) 
Table 7.3 Detection limits (µg L-1) for pastoral flavour compounds 
in “cow slurry” using SPME and GC-MS 
Compound SPMEA SPMEB SPMEC Purge & trapD 
p-Cresol 0.14 8.5 0.1 260 
3-Methylindole 0.05 1.9 0.3 1820 
A(Larreta et al. 2006) B(Larreta et al. 2007a) C(Larreta et al. 2007b) 
D(Larreta et al. 2008) 
For p-cresol, however, these DLs are not sufficient to cover the 
range that has been reported in sheep fat. For example, Ha and Lindsay 
(1991) report that p-cresol concentrations in sheep fat span the range of 
5 to 246 ng g-1 and, while the samples with higher concentrations would 
be detected by SPME/GC-MS, samples at the lower end (<10 ng g-1) 
would be regarded as not detected, since the concentrations would be 
below the detection limit. On the other hand, concentrations of 3-
methylindole in sheep tail-stub fat have been reported to range from 31 to 
Classification Of Sheep Category Using Chemical Analysis And 
Statistical Classification Algorithms 
 
 
 
 
186 
154 ng g-1 (Schreurs et al. 2007) which the present method would be able 
to detect.  
This preliminary investigation highlights the potential of SPME for 
measuring p-cresol and 3-methylindole in sheep fat. However, further 
work would be required to substantiate its application in the analysis of 
‘pastoral’ flavour compounds. This would include a comparison of the DLs 
found with both techniques, and also comparing the results from the 
analysis of these compounds in typical sheep fat using both techniques. 
7.3.2 Comparing SPME With SDE For The Measurement Of Volatile 
Compounds In Sheep And Beef Fat. 
7.3.2.1 Comparison Of Samples 
A total of 103 compounds were detected in the commercially 
available rendered beef fat sample using both SPME and SDE with GC-MS 
(Table 7.5) while, for the sheep fat, a total of 95 compounds was detected 
using both techniques (Table 7.6). For the beef fat, 89 compounds were 
extracted with SPME while 55 compounds were extracted using SDE with 
44 compounds common to both techniques. For the sheep fat, 74 and 67 
compounds were extracted by SPME and SDE, respectively, with 44 
compounds common to both techniques. It was not possible though to 
identify every compound since, in some cases, no conclusive match could 
be made between the mass spectra of these compounds and the reference 
spectra in the mass spectral library. In these instances, the compounds 
were deemed as unknown and, for beef fat, there were 35 and 15 
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unknowns for SPME and SDE respectively while, for the sheep fat, these 
were 20 and 22 respectively. 
There were four main classes of compounds which were identified; 
these were aldehydes, hydrocarbons, acids and ketones/lactones (Table 
7.4) and account for most of the identified compounds in beef and sheep 
fat for both sampling techniques. For beef fat using SPME, the most 
abundant compound class was the hydrocarbons (46.3%), followed by the 
acids (15.7%), aldehydes (10.6%) and the ketones/lactones (4.2%) as 
the least abundant. A similar trend was observed with SDE but the order 
for the acids and aldehydes was reversed; alkanes (53.9%), aldehydes 
(17.2%), acids (14.4%) and ketones/lactones (1.6%). For the sheep fat, 
the alkanes were the most abundant compound class (42.0 and 38.0% for 
SPME and SDE, respectively), followed by acids (16.8 and 21.7% for SPME 
and SDE), with ketones/lactones (11.3%) then aldehydes (8.3%) for 
SPME while, for SDE, the order was aldehydes (12.6%) then 
ketones/lactones (6.0%). This is in contrast to the comparative study of 
the volatile compounds from dry-cured ham where higher proportions of 
aldehydes and aliphatic hydrocarbons were extracted and identified using 
SDE, compared to SPME which showed a higher number of ketones, acids 
and alcohols (Garcia-Esteban et al. 2004).  
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Table 7.4 Numbers of volatiles in beef and sheep fat extracted by 
SPME and SDE. 
Beef fat Sheep fat 
Chemical class 
SPME SDE SPME SDE 
Aldehydes 17 18 15 15 
Hydrocarbons 16 11 17 19 
Acids 9 4 9 4 
Ketones/lactones 8 5 6 6 
Others 4 2 7 1 
Unknown 35 15 20 22 
Total 89 55 74 67 
It was evident that differences existed between the proportions of 
the extracted compounds common to both techniques. For beef fat, lower 
proportions extracted by SPME were found for four aldehydes (heptanal, 
octenal, nonanal, 2,4-undecadienal), 2,3-octanedione, tetradecanoic acid, 
a phyt-1-ene isomer (RI = 1787), neophytadiene and five unknown 
compounds. Lower proportions were extracted by SDE for the following 
compounds, 2,4-heptadienal (both isomers), E,E-2,4-nonadienal, 3,5-
octane-2-dione, 2-tridecanone, naphthalene, butyrated hydroxytoluene 
(BHT) and three unknown compounds; while differences were not found 
between the extracted proportions from each technique were found for 
five aldehydes (E-2-nonenal, E-2-decenal, dodecanal, tridecanal and 
tetradecanal), six alkanes (pentadecane, octadecane, phytane, phyt-1-ene 
(RI = 1812),  and phyt-2-ene (RI = 1830 and 1844)), diethyl phthalate, 
2-heptadecanone and three unknown compounds. It would not be 
unexpected to find that there would be some overall trends to be present 
between extraction technique and different compound type or class; i.e. 
higher amounts of chemically similar compounds that would be extracted 
by one technique in preference to another. However, such trends do not 
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appear to be present for the extraction of volatiles in beef fat. For 
example, nonanal and t-2-nonenal are chemically similar compounds yet 
higher amounts were found by SPME for nonanal but no difference was 
observed for the two techniques when extracting t-2-nonenal. For the 
aldehydes, no distinct trend was observed for this chemical class. This is 
in contrast to other work where comparative studies have been made 
between these techniques for the volatile compounds of meat products, 
and relationships are apparent between chemical class and type of 
extraction technique. Garcia-Esteban et al. (2004) found that, for dry-
cured ham, SPME was more efficient in extracting low molecular weight 
compounds of high volatility, while SDE was more suitable in extracting 
compounds of low volatility that could not be extracted by SPME. These 
workers also used Carboxen®/PDMS SPME fibres, which are more suited 
for the analysis of low molecular weight volatile compounds. Other 
workers have reported differences in the amount and type of compounds 
extracted using these techniques. For the volatile profile of a meat product 
derived from mini-pigs, similar volatile profiles were found with both SDE 
and SPME but SDE was the preferred technique as it allowed the 
generation of semi-quantitated data (Xie et al. 2008). After evaluating 
three extraction techniques (SPME, SDE and purge-and-trap (P&T)) for 
the measurement of the volatile profile of goat meat, the extraction profile 
was found to vary with the extraction technique (Madruga et al. 2009). 
These workers found that better extraction of volatiles of low molecular 
weight was afforded with SPME and P&T while SDE extracted more high 
boiling volatile compounds. This concurs with the view expressed by 
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Garcia-Esteban et al. (2004) in measuring the volatile profile of dry-cured 
ham. Madruga et al. (2009) also suggested that both SPME and SDE could 
be regarded as techniques which provide complementary information 
rather than rate one technique as more superior to another. 
Beef Fat 
For beef fat, some of the compounds identified in this work have 
been reported elsewhere. For example, diterpenoids (e.g. phyt-1-ene, 
phyt-2-ene and neophytadiene) were measured by SPME/GC-MS and 
found in higher levels in fat originating from Australian animals compared 
to Wagyu beef (Watanabe et al. 2008). The diterpenoids were present in 
significant amounts in the commercial beef fat (~ 20 to 25%) and were 
also the main contributors to the hydrocarbon class for this sample. These 
compounds were also present in the sheep fat but not in the same 
abundance. The diterpenoids originate from chlorophyll and their presence 
implies that the animals fed on green grass (Watanabe et al. 2008). Other 
volatile compounds (2,3-octanedione, 3,5-octadien-2-one (Sivadier et al. 
2009) and phytol (Dawson and Hemington 1974)) are also  indicators of a 
pasture diet and were present as volatiles in the beef fat. Sulphur 
compounds, furans and pyrazines have been detected by SPME for cooked 
beef meat (Machiels and Istasse 2003) but these were not identified in the 
beef fat sample used in this present study. This would imply that the meat 
used in that study was the source of these compounds rather than the fat. 
High amounts of lactones (γ-dodecalactone, δ-decalactone, δ-
dodecalactone, δ-tetradecalactone and δ-hexadecalactone) have been 
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reported in Australian beef fat by Watanable et al. (2008). In this study, 
lactones were found in both beef and sheep fat. The mass spectra of two 
unknown compounds in the beef fat (RI = 2021 and 2129) were indicative 
of δ-lactones but their identity was not fully established. 
Sheep Fat 
As for beef fat, there were differences between the volatile 
compounds extracted in sheep fat by the two techniques. Lower 
proportions of the following compounds were extracted by SPME; t-2-
octenal, nonanal, t-2-decenal, tetradecanal, 2,3-octanedione, 
aromadendrene, 1-pentadecene, 2-tridecanone, tetradecanoic acid, phyt-
2-ene (RI = 1831) and four unknown compounds, while higher 
proportions were extracted by SPME for the following compounds; 2,4-
heptadienal (both isomers), tridecanal, hexadecane, phyt-1-ene (RI = 
1785), octadecane, phytane and two unknown compounds. In comparison 
to beef fat, there were a larger number of volatile compounds in the sheep 
fat where no statistically significant difference existed between the 
extracted proportions from either technique (P > 0.05, Table 7.6). These 
were four aldehydes (heptanal, 2-heptenal, E-2-nonenal and E,E-2,4-
decadienal), two methyl ketones (2-undecanone and 2-heptadecanone), 
three FAs (hexadecanoic, oleic and octadecanoic acids), six alkanes 
(tetradecane, pentadecane, heptadecane, neophytadiene, phyt-2-ene (RI 
= 1844) and heneicosane), diethyl phthalate, 2,6-diisopropylnaphthalene 
and three unknown compounds. As for beef fat, there does not appear to 
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be general trends which exist between the extraction method and the 
chemical class of the compound. 
Using purge & trap, recent work has described the presence of 
over 200 compounds in sheep fat (Engel & Ratel, 2007). While the 
compound classes described by these workers were similar to those 
shown in Table 7.4, there were some notable differences. Engel and Ratel 
(2007) found additional esters, aromatic hydrocarbons, a furan, sulphur 
containing compounds and terpenes compared to this study. In the 
current work, attention was only given to reasonably abundant peaks in 
the chromatogram in order to increase the likelihood that identification 
could be made of the compound responsible for the peak. This would 
mean that other minor components in the chromatograms would not have 
been identified. Alternatively, some compounds could have also co-eluted 
meaning that they would have been masked in the chromatogram and 
would not readily be identified unless a specific search was made for a 
particular compound. An example of this is 3-methylindole, a compound 
responsible for ‘pastoral’ flavour in sheepmeat. The characteristic ions in 
the mass spectra of 3-methylindole are m/z = 130 and 131 (Powers, 
1968), and a search for these ions in the chromatogram indicated that the 
compound was present but in very low abundance in comparison to the 
other compounds (Figure 7.3).  It was not detected when the initial 
characterisation of the compounds was performed, and only so when a 
specific search had been made. This means that other compounds will also 
be present in very low abundance within the sample and not detected 
unless a specific search is made for the compound of interest. 
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Figure 7.3: Partial total ion chromatogram indicating elution order 
of 3-methylindole, sampled by solid-phase microextraction. The 
inset shows the mass spectrum of 3-methylindole measured at 
this retention time. The abundant compound is the unknown at RI 
= 1524. 
7.3.2.2 Origins Of Compounds 
Nearly all of the compounds found for the beef and sheep fats 
originate either from lipid oxidation or are related to a pasture diet 
(Mottram 1998). Given that a high temperature (100 °C) was used for 
extraction of the volatiles using SPME and SDE, it is not surprising to see 
the presence of compounds, such as aldehydes, ketones and 
hydrocarbons, which are produced from the oxidation and degradation of 
the FA components of lipids (Mottram 1998; Liu et al. 2007). The 
characteristic flavour of the different meat species is generally believed to 
be derived from lipid sources (Mottram 1998). In the case of sheepmeat, 
there are two aroma notes that are commonly associated with the cooked 
product from this animal, ‘mutton’ and ‘pastoral’ aroma. BCFAs, the main 
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contributors to ‘mutton’ aroma, were not detected in either set of the TICs 
resulting from sampling sheep fat with SPME and SDE. Other FAs (e.g. 
hexadecanoic, octadecenoic and octadecanoic) in high abundance in sheep 
fat (see Chapter 4) were only present at low levels, and given that the 
BCFAs levels in sheep fat range fat from 0.0 to 1.4 mg kg-1 (see Figure 
4.2), it is likely these compounds were not detected by these techniques, 
under these experimental conditions.  
Some novel compounds were also identified in the volatile 
composition of both beef and sheep fat. Aromadendrene, a sesquiterpene, 
was extracted using SPME in the commercial beef fat sample and has 
been reported as an odour-active compound present in simulated beef 
flavour (Moon et al. 2006). This compound was also found in sheep fat 
with both SPME and SDE and, as far as this author is aware, has not been 
previously reported for sheep meat or fat. Butyrated hydroxytoluene 
(BHT), an anti-oxidant, and diethyl phthalate, used as a plasticiser, were 
also found in the commercial beef fat. The presence of BHT was not 
unexpected since it would be introduced to the fat to minimise fat spoilage 
since oxygen preferentially reacts with BHT and reduces the risk of 
oxidation to the product. Diethyl phthalate is a phthalate ester and, as a 
class, these compounds have been in worldwide production as plasticisers 
and, with their frequent use and application, have become ubiquitous in 
the environment (Xu et al. 2007). One can only assume this compound 
was introduced to the fat as part of the commercial preparation of this 
product. N-cyclohexyl-cyclohexanamine and N-ethyl-2-
methylbenzenesulfonamide were also identified by the mass spectral 
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library search but it is unclear what the source of these compounds could 
be. 
For the sheep fat, two compounds, 2,6-diisopropylnaphthalene and 
7,9-di-tert-butyl-1-oxaspiro(4,5)deca-6,9-diene-2,8-dione, were detected 
and, as far as this author is aware, have not been previously reported in 
sheep fat. 2,6-Diisopropylnaphthalene has been observed as the main 
compound in the boiling of seed coats of legumes (Mucuna beans) and 
used as plant growth regulator and as a solvent for manufacturing of 
printing materials (Mwatseteza and Torto 2010). The source of this 
compound was not clear. The other compound, 7,9-di-tert-butyl-1-
oxaspiro(4,5)deca-6,9-diene-2,8-dione, found in waste landfill leachates 
(Badoil and Benanou 2009), is an oxidation product of 2,6-di-t-
butylphenol. This latter compound is used as a UV stabiliser and an 
antioxidant for hydrocarbon based materials, and was also detected in the 
TIC (m/z = 191 and 206, RI = 1513). The most likely source for this 
compound was the plastic tubes that were used for storing the sheep fat 
samples. For this work, these assignments can be regarded as tentative 
and would need further confirmation (e.g. known standards) to 
substantiate the identity of the compounds. 
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7.3.2.3 Repeatability 
The repeatability of each technique was tested by performing 
replicate extractions and measurements (n = 10 for SPME and n = 6 for 
SDE) on the same day. The mean value and associated standard deviation 
for each analyte are shown in Table 7.5 for beef fat and in Table 7.6 for 
sheep fat. In nearly all cases, the RSD associated with SPME 
measurements was lower compared to the SDE results. For example, the 
RSD’s for the SPME measurement of phyt-1-ene and phyt-2-ene in beef 
fat were 1.5 and 6.1%, which are considerably lower than those found 
with the SDE results (23.2 and 24.4%, respectively). One reason for the 
large variation in the SDE results could be due to the number of the 
preparative steps associated with this technique (Liu et al. 2007). 
Additionally, three sets of SDE apparatus were used for extracting the 
volatiles from each fat, with two replicates extracted on one day with each 
apparatus. Given that some variation will exist between each apparatus, it 
is likely that this will also contribute to the differences between results. 
For example, the SDE result for octadecanoic acid in beef fat (4.56 ± 
4.15) shows that a large variation exists for this compound. Inspection of 
the original chromatograms revealed that differences existed between the 
absolute amounts for this compound between replicates, despite the same 
conditions being employed for each replicate. A similar trend was also 
apparent for some aldehydes (e.g. nonanal, decanal, and E-2-decenal) but 
this was not observed for all aldehydes (e.g. heptanal, RSD = 6.1%). This 
suggests that the differences between the repeatability for some 
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compounds with the two techniques cannot be generalised to a 
compound’s class. The reason for the differences between these 
techniques remains unclear. 
For this comparative study, the results were expressed as 
percentages of the combined areas for every identified peak. This is quite 
suitable for the purposes of this study but does not reflect the abundance 
of material which was extracted by the techniques. Higher abundances of 
volatile compounds were extracted by SPME from both fats in comparison 
to SDE (Figure 7.4). This is most likely related to the SPME sampling 
mode where the volatile compounds in the headspace are at a higher 
concentration, compared to the semi-volatile compounds, due to the 
higher vapour pressure of the volatile compounds. Thus, the volatile 
compounds would be more readily adsorbed onto the SPME fibre and as a 
result higher amounts of these compounds would then be detected. The 
selection of a suitable internal standard would allow semi-quantitative 
analyses to be performed and would mean that direct comparisons across 
samples could be made. For this work, the use of proportions meant that 
comparison of the two techniques could be made but not between 
samples. In order to do this, suitable calibration curves of analyte 
response from standard solutions of known concentrations would need to 
be prepared, and would also require the selection of compounds similar to 
the analytes for use as internal standards for the analysis. 
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7.4 Conclusion 
SPME has been demonstrated to be suitable for sampling 3-
methylindole and p-cresol in sheep fat. Further work is required though to 
substantiate its use in analysing these compounds in sheep fat, as an 
alternative approach to SDE. SPME is also suitable for sampling other 
volatile compounds present in sheep and beef fat, and can be regarded as 
as a complementary technique to SDE, rather than as a replacement for 
sampling these compounds. 
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Table 7.5 Volatile composition (as proportion of total of identified peaks) for the headspace measurement of 
beef fat using SPME and SDE with GC-MS 
RIA Compound SPMEB,D SDEC,D P IDE Mass spectra 
< 800 Acetic acid 1.16 ± 0.27 -  5  
< 800 Pentenal 1.00 ± 0.17 -  5  
802 Hexanal 0.30 ± 0.06 -  3  
828 2,5,5-Trimethyl-2-hexene - 0.16 ± 0.08  6  
833 Unknown - 0.20 ± 0.18   83,55,68,41 
840 Unknown  - 1.62 ± 0.46   43,59,101,83 
852 Unknown 0.06 ± 0.01 -   43,98,83,55,69,106 
874 2,4,6-Trimethyl-3-heptene - 0.11 ± 0.11  6  
883 Pentanoic acid 0.21 ± 0.03 -  5  
892 Heptanal 0.58 ± 0.05 1.43 ± 0.09 < 0.05 1  
898 Unknown 0.05 ± 0.02 -   43,55,70,87 
908 1,2,3,4,5-Pentamethylcyclopentane - 0.32 ± 0.29  6  
917 Unknown 0.07 ± 0.03    57,43,59,85 
936 Unknown 0.37 ± 0.03    81,79,124,41,53,95,109 
937 Unknown  - 1.01 ± 0.81   70,71,43,55,140 
939 Unknown 0.55 ± 0.06 -   81,79,124,41,53,95,109 
948 Z-2-Heptenal 0.20 ± 0.05 -  1  
954 Unknown 0.09 ± 0.01 -   83,55,112,152 
980 2,3-Octanedione 0.18 ± 0.03 2.79 ± 1.09 < 0.001 1,2  
992 2,4-Heptadienal 0.70 ± 0.11 0.57 ± 0.21 NS 5  
1001 Octanal - 0.93 ± 1.14  1,2,4  
1006 2,4-Heptadienal 1.13 ± 0.21 0.79 ± 0.44 NS 5  
1020 Unknown 0.40 ± 0.13 -   81,67,41,55,95,89,108 
1035 Unknown 0.11 ± 0.03 -   110,81,109,58 
1055 E-2-Octenal 0.17 + 0.03 0.48 ± 0.42 < 0.05 1,2  
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RIA Compound SPMEB,D SDEC,D P IDE Mass spectra 
1059 Unknown 0.42 ± 0.04 -   57,85,43 
1068 3,5-Octadien-2-one 0.58 ± 0.05 -  5  
1070 1-Octanol - 0.38 ± 0.22  2  
1076 p-Cresol 0.29 ± 0.03 -  4  
1084 Heptanoic acid 0.42 ± 0.07 -  5  
1090 3,5-Octadien-2-one 0.62 ± 0.08 0.40 ± 0.20 < 0.05 3  
1103 Nonanal 0.81 ± 0.15 2.67 ± 2.93  2,3  
1158 E-2-Nonenal 1.25 ± 0.22 1.31 ± 0.96 NS 3  
1176 Napthalene 0.80 ± 0.08 0.31 ± 0.14 < 0.001 3  
1204 Unknown 0.11 ± 0.02 -   118,133,55,41,83,69 
1206 Decanal - 0.27 ± 0.38  2  
1212 E,E-2,4-Nonadienal 0.30 ± 0.02 0.12 ± 0.05 < 0.001 1  
1220 Unknown 0.17 ± 0.02 -   88,43,99,71,144,55 
1245 Unknown 0.31 ± 0.05 0.29 ± 0.28 NS  81,55,125,166,98,41 
1260 E-2-Decenal 0.99 ± 0.35 2.34 ± 2.62 NS 2  
1265 Unknown 0.21 ± 0.02 -   59,44,102,83 
1287 1-Methylnaphthalene 0.59 ± 0.05 -  5  
1289 2-Undecanone - 0.53 ± 0.17  7  
1293 Unknown 0.54 ± 0.17    112,82,96,152,71 
1294 E,Z-2,4-Decadienal - 0.61 ± 0.24  3  
1306 Undecanal - 0.33 ± 0.28  1  
1316 2,4-Undecadienal 0.40 ± 0.15 1.71 ± 0.68 < 0.001 5  
1334 Unknown 0.56 ± 0.06 -   86,57,41,70,69 
1351 Unknown 0.32 ± 0.05 -   57,43,86,99,71,109,127 
1362 2-Undecanal 1.42 ± 0.58 2.52 ± 2.60 NS 1  
1372 n-Decanoic acid 1.14 ± 0.08 -  2  
1399 Tetradecane - 0.27 ± 0.09  2  
1405 Unknown  - 0.05 ± 0.02   69,81,95,41,58,163 
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RIA Compound SPMEB,D SDEC,D P IDE Mass spectra 
1407 Dodecanal 0.20 ± 0.03 0.25 ± 0.24 NS 2  
1412 N-cyclohexyl-cyclohexanamine 0.15 ± 0.06 -  5  
1417 2,4-Dodecadienal 0.18 ± 0.06 -  5  
1438 Aromadendrene 0.22 ± 0.08 -  5  
1462 Unknown 0.29 ± 0.05 0.66 ± 0.22 < 0.001  71,57,53,85,141,113,99,183 
1496 2-Tridecanone 0.78 ± 0.06 0.57 ± 0.16 < 0.01 5  
1500 Pentadecane 0.35 ± 0.04 0.42 ± 0.12 NS 5  
1510 Tridecanal 0.24 ± 0.02 0.21 ± 0.14 NS 3  
1516 BHT 0.31 ± 0.10 0.08 ± 0.01 < 0.001 5  
1524 Unknown 1.97 ± 0.09 0.40 ± 0.09 < 0.001  124,137,55,180 
1532 Unknown 0.05 ± 0.03 -   137,194,109,165 
1565 Dodecanoic acid 0.64 ± 0.04 -  5  
1573 Unknown 3.53 ± 0.28 0.80 ± 0.22 < 0.001  57,82,43,69,95,109 
1592 Diethyl phthalate 0.88 ± 0.21 1.03 ± 0.30 NS 5  
1595 Unknown 0.18 ± 0.04 -   71,43,159,111,243 
1610 Tetradecanal 0.69 ± 0.06 0.67 ± 0.16 NS 5  
1641 Unknown 0.11 ± 0.01 -   43,57,97.71,213,111,84,151,126 
1649 N-Ethyl-2-methylbenzenesulfonamide 0.22 ± 0.03 -  5  
1676 Unknown 0.82 ± 0.23 -   85,57,43,69,86,109,123,137,180 
1683 Unknown 0.86 ± 0.08 0.86 ± 0.19 NS  57,41,70,95,82,109,123,197 
1700 Heptadecane 1.72 ± 0.10 1.68 ± 0.32 NS 5  
1706 δ−Dodecalactone 0.60 ± 0.04 -  5  
1713 Unknown 0.46 ± 0.06 0.35 ± 0.07 < 0.01  57,82,43,96,68,109,123,182 
1729 Unknown 0.23 ± 0.02 0.23 ± 0.05 NS  57,69,111,43,126,97,155,197,212 
1751 Myristoleic acid 1.35 ± 0.16 -  5  
1767 Tetradecanoic acid 1.84 ± 1.09 5.50 ± 0.48 < 0.001 5  
1787 Phyt-1-ene (isomer) 19.93 ± 0.30 24.76 ± 5.74 < 0.01 2  
1796 Octadecane 1.94 ± 0.12 1.74 ± 0.41 NS 2  
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RIA Compound SPMEB,D SDEC,D P IDE Mass spectra 
1806 Phytane 1.43 ± 0.10 1.37 ± 0.31 NS 5  
1812 Phyt-1-ene (isomer) 1.06 ± 0.15 1.57 ± 0.42 < 0.01 2  
1822 3,7,11,15-Tetramethyl-2-hexadecene 0.39 ± 0.02 -  5  
1830 Phyt-2-ene (isomer) 0.90 ± 0.34 1.22 ± 0.48 NS 2  
1836 Neophytadiene 6.25 ± 0.40 7.87 ± 2.18 < 0.05 2  
1844 Phyt-2-ene (isomer) 8.64 ± 0.53 9.75 ± 2.38 NS 2  
1860 Unknown 0.84 ± 0.13 0.54 ± 0.16 < 0.001  81,95,68,123,57,53,278 
1878 Unknown 0.99 ± 0.07 0.55 ± 0.17 < 0.001  82,81,95,123,68,57,43,109,278 
1897 2-Heptadecanone 1.03 ± 0.04 0.90 ± 0.27 NS 5  
1915 δ-Tetradecalactone 1.83 ± 0.22 -  2  
1920 Unknown 0.67 ± 0.23 1.00 ± 0.32 < 0.001  55,69,83,41,97,111,236 
1964 n-Hexadecanoic acid 7.07 ± 1.72 5.21 ± 6.27 NS 5  
2013 Unknown 0.12 ± 0.02 -   71,57,82,43,,96,123,109,166,137,151 
2019 16-Octadecenal - 0.18 ± 0.13  6  
2021 Unknown 0.11 ± 0.01 -   99,71,114,192,236 
2035 Unknown 0.06 ± 0.02 -   55,69,41,97,83,110,250,185,221 
2058 Unknown 0.12 ± 0.02 -   98,43,111,55,74,83,129,227,140,270 
2075 Phytol 0.52 ± 0.10 -  5  
2097 Heneicosane 0.19 ± 0.01 -  5  
2128 Unknown 0.75 ± 0.04 0.44 ± 0.13 < 0.001  99,71,55,83,114,192,236 
2135 Oleic acid 1.31 ± 0.72 3.16 ± 4.83 NS 5  
2158 Octadecanoic acid 0.56 ± 0.33 4.56 ± 4.15 < 0.01 5  
ARI = van den Dool and Kratz retention index Bn = 10 Cn = 6 Dmean + s E1(Liu et al. 2007) 2(Watanabe et al. 2008) 3(Xie et 
al. 2008) 4(Madruga et al. 2009) 5 RI value found with NIST MS Search 2.0 6RI estimate from NIST MS Search 2.0 7(Acree 
and Arn) 
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Table 7.6 Volatile composition (as proportion of total of identified peaks) for the headspace measurement of 
sheep fat using SPME and SDE with GC-MS 
KIA Compound SPMEB,D SDEC,D P IDE Mass spectra 
<800 Acetone 1.60 ± 0.61 -  5  
<800 Acetic acid 2.34 ± 0.33 -  5  
<800 Pentanal 0.45 ± 0.09 -  5  
839 4-Hydroxy-4-methyl-2-pentanone 2.92 ± 2.60 -  2  
892 Heptanal 0.34 ± 0.02 0.72 ± 0.67 NS 1  
900 2,5-Dimethylpyrazine 0.31 ± 0.02 -  5  
908 Unknown - 0.44 ± 0.25   57,69,83,55,41,140,125,11 
936 Unknown - 0.80 ± 0.52   71,70,43,140,111,83 
944 Unknown - 0.23 ± 0.14   71,70,43,140,111,83 
948 2-Heptenal 0.27 ± 0.01 0.30 ± 0.13 NS 1  
980 2,3-Octanedione 1.14 ± 0.10 5.60 ± 2.11 < 0.001 1,2  
991 2,4-Heptadienal 0.60 ± 0.09 0.17 ± 0.10 < 0.001 5  
1000 Octanal 0.79 ± 0.78 -  1,2,4  
1006 2,4-Heptadienal 1.12 ± 0.06 0.32 ± 0.14 < 0.001 5  
1021 Unknown 0.33 ± 0.02 0.39 + 0.25 NS  81,55,51,67,95,109 
1024 Limonene - 0.28 ± 0.17  5  
1035 Unknown 0.16 ± 0.01 -   110,81,109,58 
1039 Benzeneacetaldehyde 0.10 ± 0.01 -  5  
1051 Unknown 0.12 ± 0.04 -   110,81,109,58 
1055 E-2-Octenal 0.16 ± 0.01 0.38 ± 0.19 < 0.01 1,2  
1071 1-Octanol - 0.16 ± 0.18  2  
1076 p-Cresol 0.32 ± 0.03 -  4  
1085 Unknown - 0.16 ± 0.10   43,87,142,99,71,57,113 
1094 4-Nonen-4-ol - 0.63 ± 0.28  5  
1103 Nonanal 0.60 ± 0.46 1.70 ± 1.43 < 0.05 2,3  
1158 E-2-Nonenal 0.86 ± 0.09 0.72 ± 0.37 NS 3  
1183 Octanoic acid 0.67 ± 0.38 -  2  
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KIA Compound SPMEB,D SDEC,D P IDE Mass spectra 
1192 2-Decanone - 0.09 ± 0.07  5  
1199 Dodecane - 0.08 ± 0.03  5  
1205 Decanal - 0.38 ± 0.45  2  
1220 Unknown 0.41 ± 0.06 0.22 ± 0.11 < 0.001  88,43,99,71,87,144 
1242 Unknown 0.10 ± 0.01 -   43,99,71,72 
1248 Unknown - 0.25 ± 0.15   83,70,55,41,110,97 
1260 E-2-Decenal 1.25 ± 0.08 3.13 ± 1.24 < 0.001 2  
1282 Nonanoic acid 2.20 ± 0.48 -  3  
1292 2-Undecanone 0.80 ± 0.07 0.74 ± 0.28 NS 7  
1299 Tridecane - 0.23 ± 0.11  5  
1307 Unknown - 0.31 ± 0.40   57,43,82,71,96,126,109 
1314 E,E-2,4-Decadienal 0.64 ± 0.03 0.61 ± 0.24 NS 3  
1324 Methyl decanoate 0.21 ± 0.02 -  5  
1349 Unknown - 0.10 ± 0.10   70,83,41,55,124 
1362 2-Undecanal 0.65 ± 0.04 1.55 ± 1.25  1  
1377 Unknown - 0.43 ± 0.14   83,55,182,98,125,139,111 
1379 n-Decanoic acid 4.89 ± 0.26 -  2  
1380 Unknown 1.44 ± 0.08 1.86 ± 0.63 < 0.05  124,137,55,189,152 
1389 Unknown 0.20 ± 0.01 -   123,110,55,166,68,96,92 
1398 Tetradecane 0.92 ± 0.59 0.35 ± 0.16 NS 5  
1401 Nictonamide 0.42 ± 0.48 -  5  
1404 Unknown - 0.19 ± 0.08   69,81,95,41,55,163,123 
1407 Dodecanal 0.19 ± 0.02 0.41 ± 0.32  2  
1417 Unknown 0.24 ± 0.12 -   151,109,43,81 
1426 Unknown 0.28 ± 0.03 -   71,73,57,129,127,85,41 
1436 Aromadendrene 0.17 ± 0.02 0.31 ± 0.14 < 0.01 5  
1462 Unknown 1.31 ± 0.17 1.46 ± 0.73 NS  71,57,43,85,151,113,99,183 
1486 Unknown 1.13 ± 0.10 0.83 ± 0.42 < 0.05  69,83,55,97,43,210,111,125 
1489 Unknown 0.36 ± 0.03 -   55,69,83,97,41,210,111 
1492 1-Pentadecene 2.01 ± 0.14 1.44 ± 0.65 < 0.05 5  
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KIA Compound SPMEB,D SDEC,D P IDE Mass spectra 
1496 2-Tridecanone 2.45 ± 0.12 1.72 ± 0.70 < 0.01 4  
1500 Pentadecane 1.11 ± 0.09 0.87 ± 0.44 NS 5  
1505 Unknown 0.54 + 0.52 0.69 ± 0.33 NS  55,97,83,69,41,210,281,110,125 
1516 Tridecanal 0.23 ± 0.02 0.16 ± 0.08 < 0.05 3  
1525 Unknown 3.96 ± 0.15 2.65 ± 0.76 < 0.001  124,137,55,180 
1533 Unknown - 0.15 ± 0.03   137,194,109,79,125,165,151,179 
1566 Dodecanoic acid 0.92 ± 0.08 -  5  
1573 Unknown 3.58 ± 0.21 0.42 ± 0.08 < 0.001  127,43,55,82,99 
1592 Diethyl phthalate 1.83 ± 0.55 1.46 ± 0.89 NS 5  
1597 Hexadecane 1.31 ± 0.05 0.92 ± 0.39 < 0.01   
1610 Tetradecanal 0.17 ± 0.03 0.40 ± 0.15 < 0.001 5  
1642 Unknown 0.42 ± 0.45 -   97,57,43,69,83,111,213,126,151 
1677 Unknown 0.63 ± 0.04 0.34 ± 0.11 < 0.001  57,70,82,95,41,109,123 
1684 γ-Dodecalactone - 0.19 ± 0.06  7  
1698 Heptadecane 4.46 ± 0.14 3.93 ± 0.83 NS 5  
1705 δ-Dodecalactone 0.23 ± 0.03 -  5  
1715 Unknown - 0.24 ± 0.06   57,82,96,41,68,111,123,138,154 
1729 2,6-Diisopropylnaphthalene 0.25 ± 0.01 0.21 ± 0.06 NS 5  
1762 Tetradecanoic acid 0.48 ± 0.31 2.21 ± 0.27 < 0.001 5  
1781 E-3-Octadecene  0.87 ± 0.05 -  2,5  
1785 Phyt-1-ene 4.78 ± 0.15 3.65 ± 1.19 < 0.01 2  
1796 Octadecane 5.47 ± 0.22 4.46 ± 1.38 < 0.05 2  
1806 Phytane 1.35 ± 0.04 1.00 ± 0.33 < 0.01 2  
1814 Hexadecanal - 0.86 ± 0.17  5  
1823 Unknown 0.40 ± 0.03 -   82,95,123,68,57,43,137,128 
1831 Phyt-2-ene 0.55 ± 0.03 0.66 ± 0.13 < 0.05 2  
1836 Neophytadiene 7.51 ± 0.35 7.12 ± 1.65 NS 2  
1844 Phyt-2-ene 11.11 ± 0.42 9.74 ± 2.94 NS 2  
1861 Unknown 1.05 ± 0.12 0.72 ± 0.20 NS  81,57,43,96,68,110,137,124,250 
1878 Unknown 0.69 ± 0.05 -   82,95,123,68,57,43,137,278 
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KIA Compound SPMEB,D SDEC,D P IDE Mass spectra 
1898 2-Heptadecanone 2.19 ± 0.13 2.39 ± 0.55 NS 5  
1915 
7,9-Di-tert-butyl-1-
oxaspiro(4,5)deca-6,9-diene-2,8-
dione 
2.26 ± 0.59 -  5  
1960 n-Hexadecanoic acid 3.95 ± 1.09 6.41 ± 4.89 NS 5  
1990 Ethyl hexadecanoate 0.15 ± 0.05 -  5  
2017 Unknown - 0.63 ± 0.23   82,57,43,96,68,110,137,125,250 
2097 Heneicosane 0.47 ± 0.04 0.59 ± 0.22 NS 5  
2133 Oleic acid 0.58 ± 0.31 7.52 ± 5.94 NS 5  
2157 Octadecanoic acid 0.72 ± 0.38 7.76 ± 7.31 NS 5  
ARI = van den Dool and Kratz retention index Bn = 10 Cn = 6 DMean + s ESee note E for Table 7.5 
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Figure 7.4 Overlay of total ion chromatograms of volatile compounds sampled in (a) beef and (b) sheep fat 
using SPME (shown in blue) and SDE (shown in red). 
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CHAPTER 8: GENERAL DISCUSSION AND CONCLUSIONS 
The work presented in this thesis has examined the use of 
objective techniques for the classification of sheep category. Specifically, 
it has evaluated the effect that animal production factors such as breed, 
age, sex and pre-slaughter nutrition has on the levels of three BCFAs in a 
survey of sheep fat samples that have been sourced from Australian 
abbatoirs. This work has also investigated whether chemical analysis of 
three BCFAs can be used as an objective technique for determining sheep 
age and thus sheep category. Three statistical algorithms have been 
applied to the chromatograms measured in the Australian sheep fat 
survey and have been found to be successful for classifying sheep 
category. This approach shows great promise but further work is needed 
to translate the statistical approach from the academic evaluation, as 
described in this thesis, into a method which can be practically used by 
the Australian sheep meat industry for testing category of unknown 
commercial samples. Lastly, attention has been given to the development 
of a high throughput analytical method for BCFA measurement to meet 
the needs of a research program of the CRC for Sheep Industry 
Innovation, aimed at relating animal genetics with meat science 
phenotypes.  
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The central hypothesis of this thesis was 
• Sheep category could be classified by objective techniques 
using 
o Chemical analysis of three BCFAs as a proxy for age, 
and/or 
o Statistical classification techniques 
This hypothesis will be discussed in the chapter. 
8.1 Discussion Of Central Hypothesis 
8.1.1 Sheep Category Can Be Classified Using Objective 
Techniques 
8.1.1.1 Chemical Analysis Of Three BCFAs As A Proxy For Age 
Animal production factors have potential to impact on the amount 
of BCFAs present in sheep meat. The survey of the BCFA concentrations in 
533 fat samples, taken from animals sourced at Australian abbatoirs, 
aimed to discover whether any relationships exist between breed, sex, 
age and pre-slaughter nutrition and BCFA content (Chapter 4). As far as 
the author is aware, this was the first time that a survey of this size has 
been undertaken, aimed at determining what influence such factors have 
on BCFA concentrations. Usually, smaller sample sizes have been used in 
past studies and generally involved experimental animals from designed 
studies (where production factors are more controlled). In this study the 
animals were more representative of the Australian domestic flock. Of the 
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production factors, only age and nutrition were found to influence BCFA 
concentrations with no significant interactions evident for either breed or 
sex. When nutrition was excluded, a positive relationship was found 
between concentration and age for EOA, but not for MOA or MNA. Since 
BCFAs are reported to increase with chronological age (Young and 
Braggins 1999, Ha and Lindsay 1990, Sutherland and Ames 1996, Young 
et al. 2006), it was reasonable to assume that age would vary 
proportionally with concentration and that chemical analysis could be used 
as a proxy for age and thus sheep category. While the results in Chapter 4 
do not entirely reject this premise (e.g. EOA), this work has demonstrated 
that this approach is too simplistic since pre-slaughter nutrition also 
influences BCFA concentration in sheep fat. Of course, this does suggest 
that if pre-slaughter nutrition were known then chemical analysis of BCFAs 
would be an effective tool for predicting sheep category. However, once 
product leaves the abbatoir and enters into the supply chain for the retail 
market, the likelihood of gaining access to the detail on nutrition would 
reduce as product moves further down the chain. Extra investments of 
time and money would be needed to develop the infrastructure to allow 
for the collection of this data and, without the appropriate training of 
personnel, it would be difficult to assess the reliability of the information. 
There will also be instances where no information on nutrition will be 
available meaning that the BCFA analysis could not be performed for 
predicting sheep category. 
The low concentrations of BCFAs present in the sheep fat (Chapter 
4) also impacts on the uncertainty associated with the results obtained by 
Classification Of Sheep Category Using Chemical Analysis And 
Statistical Classification Algorithms 
 
 
 
 
211 
chemical analysis. For example, the highest MOA concentration in mutton 
fat was ~ 1.3 mg kg-1 (Figure 4.2), which is a lower estimate of 
concentration when compared to previous work. For example Young et al. 
(2006) reported that the highest concentrations for MOA and MNA in the 
fat of animals reared in New Zealand were 120 and 60 mg kg-1, 
respectively. The lower values in the Australian samples also means that 
there is a high amount of measurement uncertainty for the BCFA 
concentrations (Chapter 3), ranging from 15 to nearly 30%. While 
uncertainties such as these are not uncommon at these levels, lower 
measurement uncertainties will be found at higher concentrations. For 
example, the predicted uncertainties for the highest results reported by 
Young et al. (2006) would be 7.7 and 8.6%, respectively (using the 
Horwitz relationship (Horwitz and Albert 2006)), representing a 
considerable reduction in the uncertainty when compared to the Australian 
results. It is reasonable to assume the animals used in the study are 
representative of the Australian domestic flock meaning that the range of 
BCFA concentrations observed in the present study (and the related 
measurement uncertainty) would be similar for the wider Australian flock. 
The low BCFA concentrations in sheep fat also meant the proposed 
single stage sample preparative step combined with fast GC was not 
suitable for measuring these compounds (Chapter 6). The detection limits 
of MOA and MNA using this technique (as methyl esters), for example, 
were higher than the concentration ranges found in the Australian 
samples. If, on the other hand, similar concentrations as reported by 
Young et al. (2006) had been found in the samples then the rapid 
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approach would have been successful for measuring the BCFA content. Of 
course, other FAs could be present in sheep fat (at higher concentrations) 
that change proportionally with age meaning that these compounds would 
be suitable candidates for this fast GC approach. Work by Oriani et al. 
(2005) gives some support to this premise as these workers report that, 
for Italian Merino sheep, the concentration of heptadecanoic acid (C17:0) 
in sheep fat increased with age. Similar trends were not found for other 
FAs though and so some caution is required in extrapolating this result. 
However, it may be possible that another FA, present in higher amounts in 
sheep fat than BCFAs, could be used as a proxy for age and thus be 
amenable for analysis by fast GC. 
SPME was shown to be useful for the measurement of p-cresol and 
3-methylindole, compounds implicated with ‘pastoral flavour’ in sheep 
meat (Chapter 7). The concentrations of these compounds in sheep fat 
were similar to those found for BCFAs in Australian sheep fat and, while 
not tested in the thesis, it is reasonable to assume that SPME could also 
be used for sampling BCFAs in sheep fat. This view is supported by the 
use of SPME for measuring FAs in “cow slurry” (Larreta et al. 2006) 
where, for hexanoic and heptanoic acids (compounds chemically similar to 
BCFAs), detection limits were reported as 4.5 and 0.017 µg L-1, 
respectively. It is important to note that, as stated in Chapter 7, these 
detection limits may represent ‘idealised’ values rather than the actual 
detection limits for these compounds. Nevertheless, these results suggest 
that SPME could be useful for sampling BCFAs in sheep fat. Another point 
to note is that the FAs in the “cow slurry” would be present in the free 
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form whereas, for sheep fat, the BCFAs would be bound as 
triacylglycerols. This would mean that the BCFAs in sheep fat would need 
to be hydrolysed from the triacylglycerol (using, for example, high 
temperature treatment), resulting in the release into the headspace of 
other FAs (in comparatively higher concentrations) which will also 
compete for adsorption onto the SPME fibre. This could be problematic for 
sampling BCFAs at such low concentrations but the approach does warrant 
exploration since if successful then very little (if any) sample preparation 
would be needed for sheep fat. 
In terms of the central hypothesis, the chemical analysis of three 
BCFAs (MOA, EOA and MNA) in sheep fat was not suitable for 
discriminating lamb from hogget or mutton, and thus can not be used as 
an objective technique for the classification of sheep category. If pre-
slaughter nutrition was known then it is possible that BCFA concentrations 
could be used to predict sheep category but it is unlikely that this 
approach would be feasible given that access to details on pre-slaughter 
nutrition may not either be available or reliable. 
8.1.1.2 Statistical Classification Techniques 
The success of the statistical classification algorithms for 
predicting sheep category was the most significant outcome of this thesis, 
and one which is of direct relevance to the Australian sheep meat 
industry. At present, mutton substitution for lamb can occur in the 
Australian industry (albeit at very low frequency) but it is difficult to 
detect misdescribed product since no objective method is available at 
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either the wholesale or retail level which can be used for determining 
sheep category. However, the high predictive accuracy found with the 
random forests algorithm, as applied to the measured profiles of the FAs 
(and other compounds) released from sheep fat, suggests itself as an 
obvious choice for an objective approach. It is also very likely that this 
result was not serendipitous since only a small reduction in the predictive 
accuracy of the algorithm was found (from 100 to 96%) with a large 
reduction in the size of the training set (from 90 to 10% of the original 
dataset, Chapter 5). At present, there is no clear understanding why the 
statistical approach was successful. When the random forest algorithm 
was applied to the mean-centred data (which gave 100% predictive 
accuracy), it was not possible to relate any time points with any peak 
present in the chromatogram unlike the raw and range-transformed data 
where decanoic acid and phytol were suggested as possible contributors 
(Figure 5.5). The application of mean-centering to the (multivariate) 
dataset causes the set to be moved to the data centre and results in a 
transformed dataset that may not be comparable with the original data. 
This means that the application of the algorithm to the mean-centred 
dataset produces an abstract statistical model that is no longer 
comparable with the original dataset, and makes it difficult to identify 
what compounds (if any) were possible contributors.  This can be seen in 
this case as most of the significant points are present in the baseline of 
the chromatogram (Figure 5.5). Having stated that though, the high 
predictive accuracy found with the algorithm and mean-centred data 
means that there are obviously consistent changes for each category 
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present in the transformed dataset which contribute to the success of this 
approach. 
The success of the statistical approach is also of direct relevance 
to the Australian sheep meat industry. As far as this author is aware, this 
represents the first time that an objective approach has been used (and 
reported) for determining sheep age and thus sheep category. Given the 
concerns of lamb substitution to the industry, the availability of an 
objective method would assist in identifying misdescribed product, and 
help to reduce the likelihood of product substitution occurring in the 
industry since operators would be less likely to substitute product in order 
to avoid the risk of detection and any possible litigation. Further work is 
needed though to develop the technique into a form amenable for use in 
industry. At present, at least 2½ hours is needed with the Unitrex®/GC-
MS method to produce a chromatogram (Chapter 3). It would be more 
convenient if the time needed for preparing data could be significantly 
reduced. The one-stage sample preparative step with fast GC (Chapter 6) 
might be suitable for this purpose since it would produce results in a 
shorter amount of time. Of course, this requires substantiation with the 
statistical algorithms applied to data that has been generated by fast GC 
in order to test the level of accuracy for predicting sheep category. If 
successful, this would produce an objective method that could be routinely 
used for classifying sheep category for the Australian sheep meat 
industry. 
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In terms of the central hypothesis, this work has substantiated the 
premise that statistical algorithms could be used as an objective technique 
for the classification of sheep category. Specifically, this work has 
demonstrated that the random forests algorithm, when applied to mean-
centred data (using the complete chromatogram rather than a selected 
number of compounds), produces a statistical model that could accurately 
classify sheep category. 
8.2 Conclusion 
Chemical analysis of three BCFAs, MOA, EOA and MNA, in a sheep 
fat sample was not sufficient to discriminate lamb from hogget or mutton 
and thus cannot be used for the objective classification of sheep category. 
The assumption that BCFA concentration was sufficient for use as a proxy 
for age was not valid since pre-slaughter nutrition also influenced the 
BCFA content. If nutrition type was known then MOA and EOA (but not 
MNA) could be used to differentiate lamb from hogget and mutton. 
However, it is unlikely that this approach would be practical since access 
to the detail on nutrition would reduce as meat moves down the supply 
chain. Additionally, the low BCFA concentrations in the sheep fat taken 
from Australian domestic abbatoirs (< 1 mg kg-1) also mean that a high 
level of measurement uncertainty is associated with the results. This is 
another factor that will impact on the certainty of the result if chemical 
analysis was used as proxy for age. The low concentrations also meant 
that the development of a high throughput technique for measuring BCFAs 
in sheep was not feasible since these compounds would not be detected 
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by the proposed technique. SPME was shown to be suitable for sampling 
compounds responsible for ‘pastoral’ flavour in sheep meat (3-
methylindole and p-cresol), and other flavour compounds produced from 
fat oxidation. There is also potential that this technique could be used for 
sampling BCFAs in sheep fat as well. The use of statistical algorithms, 
when applied to chromatograms as ‘fingerprints’ for lamb, hogget and 
mutton, to successfully classify sheep category was a significant outcome 
for this thesis. One algorithm (random forests) show great promise as an 
objective approach for classifying sheep category but further development 
is required to translate this approach into a method that can be routinely 
used by the Australian sheep meat industry for commercial samples. 
8.3 Further Work 
A number of areas have been identified in this work which warrants 
further investigation. Further research could include: 
• Identifying all compounds measured in the chromatograms 
obtained in the BCFA survey, and determining whether any 
interactions exist between these compounds with age, 
breed, sex and nutrition. 
• Evaluating whether the single stage preparative step and 
fast GC can be used with statistical algorithms to predict 
sheep category, assuming that the concentration of some 
abundant FAs (or other compound) change proportionally 
with age. 
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• Determining whether SPME can be used for sampling BCFAs 
in sheep fat. 
• Examining whether other statistical algorithms can be used 
to classify sheep category either with a range of selected 
compounds or using the complete chromatogram. 
• Investigating the role that pre-slaughter nutrition 
(particularly native pasture and saltbush) has on BCFA 
concentrations in sheep fat. 
• Validating the statistical approach, using the random forests 
algorithm, with experimental studies which are examining 
the ‘mutton’ flavour profiles of sheep meat. 
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CHAPTER 9: APPENDICES 
9.1 R Code Used To Calculate Detection Limits 
calcDL <- function(x,y,n,ti) { 
## Function to calculate detection limits 
##************************************** 
## Required data: 
##                x and y 
##                n -  number of data points 
##                ti - title of plot 
## 
## Two sets of DL calculated 
## 
## miller - 
## 
## calculate errors in slope and intercept of regression line 
##for 
## instrumental calibration curve 
## Calculation of each statistic is given in Miller & Miller, 
##p. 110 ff 
## "Statistics for Analytical Chemistry", 3rd Edn 
## September 10, 2007 
## 
## vogel 
## 
## - calculate stats as described in 
## 'Limits of detection, identification and determination: 
##  a statistical approach for practitioners" 
## J. Vogelsanme & J. Hadrich, Accred. Qual. Assur. (1990) 3: 
242-255 
## 
 
# Perform linear regression 
data.lm <- lm(y~x) 
 
x11() 
op <- par(mfrow = c(1,2), pty = "s") 
 
##Plot data and fitted curve 
plot(x,y,type="p",col="red",ylab="Relative 
response",xlab="Concentration (ng/g)",main=ti,bty ="o") 
abline(data.lm, lty = 4,col="blue") 
 
# Perform regression diagnostic - checked plot of residuals v 
fitted values 
plot(x,residuals(data.lm), 
type="p",col="red",xlab="Concentration (ng/g)", 
ylab="Residuals",main=ti) 
abline(h = 0, lty = 4, col=20) 
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par(op) 
## miller 
## Calculate the statistics 
#     - s y/x 
syx <- sqrt((sum((y-fitted(data.lm))^2)/(n-2))) 
#     - 'slope' error 
sb <- syx/(sqrt(sum((x-mean(x))^2))) 
#     - 'intercept' error 
sa <- syx*sqrt(sum(x^2))/(n*sum((x-mean(x))^2)) 
 
 
## Calculate the detection limit: y - yB = 3*sB (3* intercept 
## 7777error) 
blankdl <- (3*syx + data.lm$coef[1])/data.lm$coef[2] 
 
dl <- (3*syx)/data.lm$coef[2] 
 
## Report miller data 
 
cat("For",ti,"\n") 
cat("\n") 
cat("The slope is",data.lm$coef[2],"\n") 
cat("The error for the slope is",sb,"\n") 
cat("The intercept is",data.lm$coef[1],"\n") 
cat("The error for the intercept is",sa,"\n") 
cat("\n") 
cat("The correlation coefficient is 
",signif(cor(x,y),digits=6),"\n") 
cat("Syx =",syx,"\n") 
cat("\n") 
## vogel stats 
 
sy <- sqrt(sum(residuals(data.lm)^2)/(n-2)) 
Xc <- (sy/data.lm$coef[2])*qt(0.95,n-2)*sqrt(1 + 1/n + 
mean(x)^2/sum((x-mean(x))^2)) 
Xd <- 2*Xc 
Yq <- mean(y)+data.lm$coef[2]*(Xd-mean(x))+sy*qt(0.95,n-
2)*sqrt(1 + 1/n + (Xd-mean(x))^2/sum((x-mean(x))^2)) 
Xq <- (Yq - data.lm$coef[1])/data.lm$coef[2] 
 
cat("Xc =",round(Xc,2),"\n") 
cat("Xd =",round(Xd,2),"\n") 
cat("Xq =",round(Xq,2),"\n") 
 
cat("The detection limit is", round(dl,1),"\n") 
cat("The detection limit with blank is", 
round(blankdl,1),"\n") 
cat("\n") 
} ## End function calcDL  * 
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9.2 R Code Used To Calculate ANOVA Feature Selection 
 
##  ANOVA fast GC script 
# based on Matlab 'varcor5.m' from Kevin Jackson 
# 
 
gcaov <- function(mat,maxc,nreps) { 
#  
#  Initial stat. variable 
# 
sscl <- NULL 
cmean <- NULL 
dftot <- nrow(mat)-1 
dfcl <- maxc - 1 
dferr <- dftot - dfcl 
totmean <- mean(mat) 
sstot <- sd(mat)^2*dftot 
# 
#  Calculate class-to-class variance 
# 
for (j in 1:maxc) { 
 cmean <- rbind(cmean,mean(mat[((j-1)*nreps+1):((j-
1)*nreps+nreps),])) 
} 
for (j in 1:ncol(mat)) { 
 cmean[,j] <- cmean[,j]-totmean[j] 
} 
cmean <- (cmean)^2*nreps 
for (i in 1:ncol(mat)) { 
 sscl[i] <- sum(cmean[,i]) 
} 
# 
# sserr <- sstot-sscl 
# 
ratios <- (sscl/dfcl)/((sstot-sscl)/dferr) 
} ######## {End of gc2doav} ######## 
featsel <- function(thres,ratios,train) { 
imat <- NULL 
nmat <- NULL 
#   Index the points where the 'f' ratio is greater than the 
threshold 
# value, 'thres' 
for (i in 1:ncol(train)) { 
if (ratios[i]>=thres) imat <- cbind(imat,i) 
} 
# Create an extracted matrix containing the features from 
the 'test'  
for (i in 1:ncol(imat)) { 
nmat <- cbind(nmat,as.matrix(train[imat[i]])) 
} 
} ######## {End of featsel} ######## 
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thresholdset <- function(ratios,train) { 
## Calculate the no. of extracted data points vs threshold 
value 
x <- NULL 
y <- NULL 
for (i in (1:200)){ 
x[i] <- i 
nmat <- featsel(x[i],ratios,train) 
y[i] <- ncol(nmat) 
} 
 
x1 <- NULL 
x1 <- seq(1:200) 
 
## Find approximate fit to curve as exponential function 
exp.nls <- nls(y ~ A * exp(-k*x),start=list(A=1000,k=0.001)) 
ey <- coef(exp.nls)[1]*exp(-coef(exp.nls)[2]*x1) 
## Estimate gradient for early portion of curve 
yt <- NULL 
xt <- seq(21,40) 
for (i in (1:20)) yt[i] <- ey[(i-1)+21] 
tmp1.ls <- lsfit(xt,yt) 
c1 <- coef(tmp1.ls) 
## Estimate gradient for latter portion of curve 
yt <- NULL 
xt <- seq(161,180) 
for (i in (1:20)) yt[i] <- ey[(i-1)+161] 
tmp2.ls <- lsfit(xt,yt) 
c2 <- coef(tmp2.ls) 
##Calculate 'x' value for intersection point 
#   Early portion   y = m1 * x + c1 
#   Latter portion  y = m2 * x + c2 
#   x = (c2-c1)/(m1-m2) 
thres <- (c2[1]-c1[1])/(c1[2]-c2[2]) 
windows() 
plot(x,y,type="l",xlab="Threshold value",ylab="No. of 
points",col="green",main="") 
points(x1,ey,type="l",col="blue") 
abline(v=thres,col="red",lty=4)  
abline(tmp1.ls,lty=3) 
abline(tmp2.ls,lty=3) 
 
leg.txt <- c("Observed","Fitted")  
legend(125, 6000 ,col = 19:20, leg.txt, text.col = 19:20, lty 
=1, bty="n") 
thres 
} ####### {End of thresholdset} ######## 
fplot <- function(n,ratios,thres) { 
 
xtmp <- (seq(1:n)+500)/8699*7.245 
### 'f' ratio plot plot 
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windows() 
plot(xtmp,ratios,type="l",col=20, xlab="Retention time 
(min)",ylab="'f' ratio",main="") 
abline(h=thres,col=18, lty=3)  
} ########## {End of fplot} 
 
### Hierarchical cluster analysis 
hcplot <- function(nmat)  { 
windows() 
nmat.hc <- hclust(dist(nmat)) 
plot(nmat.hc,main="") 
} ####### End of hcplot ####### 
 
############## {MAIN} ###########` 
#### Create test matrix ############## 
setwd("u:/PhD/data/LardVSheepFastGC") 
train <- data.frame(matrix(scan("P3S3modtest.csv", skip = 0, 
what = 0, sep = ","), 6, 8199, byrow = TRUE)) 
ratio <- gcaov(train,2,3) 
ratios <- as.matrix(t(ratio)) 
 
#### For NaN's present in ratios (when 'sstot-sscl' = 0), 
replace with 0 
for (i in (1:ncol(ratios))) if(is.nan(ratios[i]))  
   {ratios[i] <- 0} 
thres <- thresholdset(ratios,train) 
fplot(ncol(train),ratios,thres) 
 
########## Open test matrix - 10 pork and 9 sheep fast GC 
profiles by fast GC 
test <- data.frame(matrix(scan("P10S9mod.csv", skip = 0, what 
= 0, sep = ","), 19, 8199, byrow = TRUE)) 
id <- 
c("P1","P2","P3","P4","P5","P6","P8","P8","P9","P10","S1","S2"
,"S3","S4","S5","S6","S7","S9","S10") 
nmat <- featsel(thres,ratios,test) 
row.names(nmat) <- id 
hcplot(nmat) 
# END 
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9.3 Composition Of 37 Component FAME Mixture 
Lipid numberA Trivial name % wt 
C4:0 Methyl butyrate 4 
C6:0 Methyl hexanoate 4 
C8:0 Methyl octanoate 4 
C10:0 Methyl decanoate 4 
C11:0 Methyl undecanoate 2 
C12:0 Methyl dodecanoate  4 
C13:0 Methyl tridecanoate 2 
C14:0 Methyl myristate 4 
C14:1 Methyl myristoleate 2 
C15:0 Methyl pentadecanoate 2 
C15:1 Methyl cis-10-pentadecenoate 2 
C16:0 Methyl palmitate 5 
C16:1 Methyl palmitoleate  2 
C17:0 Methyl heptadecanoate 2 
C17:1 Methyl cis-10-heptadecenoate 2 
C18:0 Methyl stearate 4 
C18:1n9c Methyl oleate 4 
C18:1n9t Methyl elaidate 2 
C18:2n6c Methyl linoleate 2 
C18:2n6t Methyl linolelaidate 2 
C18:3n3 Methyl linolenate  2 
C18:3n6 Methyl γ-linolenate 2 
C20:0 Methyl arachidate 4 
C20:1 Methyl cis-11-eicosenoate 2 
C20:2 Methyl cis-11,14-eicosadienoate 2 
C20:3 Methyl cis-8,11,14-eicosatrienoate 2 
C20:3n3 Methyl cis-11,14,17-eicosatrienoate 2 
C20:4 Methyl arachidonate 2 
C20:5n3 Methyl cis-5,8,11,14,17-eicosapentaenoate 2 
C21:0 Methyl heneicosanoate  2 
C22:0 Methyl behenate 4 
C22:1n9 Methyl erucate 2 
C22:2 Methyl cis-13,16-docosadienoate 2 
C22:6n3 Methyl cis-4,7,10,13,16,19-docosahexaenoate 2 
C23:0 Methyl tricosanoate 2 
C24:0 Methyl tetracosanoate 4 
C24:1 Methyl cis-15-tetracosenoate 2 
AC:D where C and D are the number of carbon atoms and double bonds. 
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